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Drought is a weather related natural disaster that occurs in virtually all climatic
zones of the world. In the last century, almost all parts of the contiguous United States
have experienced several prolonged drought events with considerable impacts on the
agricultural economy and environment. With changing climates, the droughts are
expected to be more severe, longer, and widespread in many parts of the world including
sections of the United States. Understanding the response of vegetation to water stress
using remote sensing technologies will enhance our ability to detect and monitor drought.
This research evaluates the response of vegetation to drought-related water stress at the
leaf, canopy, and landscape scales using remotely sensed reflectance and/or thermal data.
At the leaf level, a crop water stress index model was developed using high spatial
resolution thermal imagery to estimate Relative Water Content (RWC) in soybean leaves.
The model showed a higher accuracy in RWC determination (85%) compared to the raw
temperature based RWC determination (69%). At the canopy level, multi-year closerange reflectance based vegetation indices (VIs) were correlated with soil moisture
measured at four depths of maize and soybean root zone. Results indicated that maize VIs
were significantly related to soil moisture at deeper depths and kept the soil moisture
memory up to previous 45-days. Soybeans VIs were significantly related to soil moisture

at shallower depths and kept a relatively shorter (5-days) memory of soil moisture
compared to maize. At the landscape scale, Terra-MODIS Land Surface Temperature
(LST) and Normalized Difference Vegetation Index (NDVI) products were used to detect
drought-induced stress in vegetation including corn, soybeans, and three grassland cover
types across the state of Nebraska. Results indicate that the majority of the land cover
pixels experienced significantly higher daytime and nighttime LSTs and lower NDVI
during the drought-year growing season compared to the non-drought year. The findings
of this dissertation research will contribute toward the development of more robust tools
for monitoring drought stress in vegetation.
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CHAPTER 1

INTRODUCTION
1.1. Background and Rationale
Water is one of the fundamental requirements for the healthy growth of
vegetation. Green plants utilize light energy from the sun along with water and
atmospheric carbon dioxide (CO2) to perform photosynthesis. The energy generated from
photosynthesis is essential for the growth of the plants, and plants in turn serve as the
basic nutrient source for all other forms of life on this planet. Water, drawn from below
ground by roots and transported to the leaves by xylem, is exchanged to the atmosphere
through the process called transpiration. Transpiration substantially increases the
partitioning of energy into latent heat fluxes and influences the local climate through
formation of clouds. Availability of water in the plant’s root zone and its movement in
the soil-plant-atmosphere continuum is one of the important factors limiting crop
productivity (Boyer, 1982). Under water-deficit conditions, most plants close their
stomata to decrease their transpiration rate, which have detrimental effects on the
physiological development of plants (Bowne et al., 2012). Determination of water status
in plants is important to agriculturalists, particularly as it relates to irrigation
management, in order to optimize crop yields.
The United States (U.S.) is a leading producer and exporter of corn (Zea mays)
and soybeans (Glycine max). About 20 percent of the corn and 54 percent of the soybeans
produced in the U.S. is exported (USDA, 2010). Therefore, the production of corn and
soybeans in the U. S. largely influences the supply, demand, trade, and prices of these
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crops in the world market. The U.S. Corn Belt is an agriculturally productive region.
Within the U.S. Corn Belt, states including Iowa, Illinois, Nebraska, Minnesota, Indiana,
and Ohio, collectively contribute approximately 70% of the total U.S. corn production
(USDA-NASS, 2009). The vast stretches of grasslands in the U.S. Central Great Plains
provide forage for the cattle population, critical for sustaining the cattle based industries.
Unfortunately, drought is a regular climatic feature affecting the crop and forage
production in these regions. The periodic drought events have serious impacts on the
agricultural sector as farming is the major economic driver in the U.S. Corn Belt.
Agricultural drought conditions primarily develop because of the deficiency of
precipitation over an extended period of time that adversely affect crop and range
productivity (Wilhite, 1982). Several other meteorological factors including temperature,
humidity and wind speed and biophysical factors such as available soil moisture, and the
water holding capacity of soil may play important roles in the initiation and severity of
drought.
Most parts of the U.S. are vulnerable to drought, and more than 25% of the
contiguous U.S. is affected by severe and extreme droughts in one out of every four years
(Wilhite et al., 2000). During the historic drought of 1934, about 65% of the contiguous
U.S. and 95% of the Great Plains region was under the grip of severe and extreme
drought (Wilhite et al., 2000). The recent drought of 2002, with its peak in July, affected
approximately half of the contiguous U.S. (NCDC, 2002). Drought is one of the costliest
weather related disasters in the U.S., accounting for an average annual loss of about $6-8
billion (FEMA, 1995). Climate projections forecast more frequent, severe, longer, and
wide spread drought events in many parts of the world including sections of the U.S.
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(IPCC, 2007; Romm, 2011), indicating a greater need to understand the response of
vegetation to drought at multiple spatial and temporal scales.
Detection and monitoring of drought is challenging because its onset is relatively
slow compared to the other natural disasters and each drought event is distinct based on
its duration, intensity, and spatial extent (Wilhite and Glantz, 1985). Traditional methods
of monitoring drought involve the use of climate data including precipitation, air
temperature, stream flow, water holding capacity of the soil collected at meteorological
stations. These data sets are usually transformed into a single numerical value, termed as
a drought index that indicates the drought severity at a particular area. Widely used
climate-based operational agricultural drought indices include the Palmer Drought
Severity Index (PDSI), the Standardized Precipitation Index (SPI), and the Crop Moisture
Index (CMI). The PDSI is based on the supply-and-demand concept of the water balance
equation and is computed using precipitation, temperature, and local Available Water
Content (AWC) of the soil (Palmer, 1965). The rest of the terms in the water balance
equation including evapotranspiration, soil moisture recharge, runoff, and soil moisture
loss are derived from the precipitation, temperature, and soil AWC data. Although the
PDSI is widely used in the U.S., it suffers from numerous limitations. Arbitrary
categorization of drought intensity and duration, crude division of soil layers, exclusion
of snow cover and frozen ground in the index calculation, ignoring precipitation and
runoff time lag are some of the major deficiencies highlighted in the scientific literature
(Alley, 1984; Hayes et al., 1999). Many of the drought indices developed after PDSI were
designed to address some of the weaknesses of the PDSI. For example, the SPI is
calculated at multiple time scales (3, 6, 12, 24 and 48 months) to identify short-term
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changes in soil moisture as well as changes in ground water, stream flow, and reservoir
storage which reflect longer-term changes in precipitation. The index value reflects the
anomalies in the moisture supply by comparing the current rainfall amount with the long
term precipitation record (30 years or more), fitted into a probability distribution function
(McKee et al., 1995). The CMI is designed to monitor short term moisture changes in the
crops during the crop growing season by using the weekly mean temperature and total
precipitation, contrary to the PDSI which reflects the longer-term moisture status.
These discrete, point-based climatological drought indices have to be interpolated
to provide a continuous spatial coverage of the drought conditions across a given region.
These spatially interpolated map products are more representative of the ground
conditions where the density and distribution of weather stations is high (Brown et al.,
2008). Regions with mountainous topography or low populations typically do not have a
dense network of weather stations to adequately characterize detailed spatial patterns of
drought conditions. Since the launch of the Landsat-1 satellite in 1972, remotely sensed
data have supplemented the ground based observations in monitoring vegetation health
and dynamics across landscapes. Remote sensing data provide a spatially contiguous and
temporally repetitive view of the earth surface, essential for monitoring drought stress on
vegetation over large areas. Vegetation indices computed from multispectral data
collected by satellite sensors have been used in many vegetation drought assessment
studies. One such index, the Normalized Difference Vegetation Index (NDVI), is based
on the normalized difference between the absorption of radiation in red wavelengths by
the chlorophyll pigments and the reflectance in the near infrared (NIR) in the spongy
mesophyll layer within the leaf (Rouse et al., 1974).
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Time-series NDVI data derived from the Advanced Very High Resolution
Radiometer (AVHRR) and Moderate Resolution Imaging Spectroradiometer (MODIS)
have shown strong relationships with climatological and biophysical variables including
precipitation, temperature, and soil moisture that affect the vegetation conditions and
therefore can be used for vegetation drought assessments. Rundquist and Harrington
(2000) reported significant relationships between AVHRR monthly NDVI and one month
lagged precipitation at two grassland sites in the U.S. Central Great Plains.
Wang et al. (2001) evaluated the responses of AVHRR bi-weekly NDVI to
precipitation and temperature during a 9-year period in the U.S. Central Great Plains and
found that the spatial pattern of NDVI corresponded well with the spatial pattern of
average annual precipitation. They also found that the NDVI during the growing season
had the strongest correlations with the accumulated antecedent precipitation summed
over 14 biweekly periods, and that the NDVI was influenced by the minimum
temperature in early summer and towards the end of the growing season.
Ji and Peters (2003) compared the AVHRR based growing season monthly NDVI
with 1 through 12 month SPI over a period of 10 years to assess cropland and grasslands
drought conditions in the Northern Great Plains of the U.S. Their study confirmed the
relationship of NDVI with precipitation and showed the strongest relationships of NDVI
with three month SPI. They also found that the NDVI and precipitation relationship was
time and space dependent as higher correlations were noticed in areas with low soil water
holding capacity and during the middle of the growing season.
Wang et al. (2007) examined the relationship between MODIS based 8-day
composited NDVI and the root zone soil moisture from 2000 through 2004 growing
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seasons at three locations representing semiarid and humid climates and grassland and
shrub land cover types. Results indicated that grassland NDVI responded quickly (about
5 days) to the changes in the soil moisture at the water limited semiarid site compared to
the humid site (about 10 days).
The normalized difference water index (NDWI) combines the NIR and short wave
infrared (SWIR) channels and is sensitive to the water content in vegetation canopies
(Gao, 1996). The time-series NDWI data have also been used to detect and monitor
drought-related stress in vegetation over large areas. For example, Gu et al. (2007)
compared the performance of MODIS-derived NDVI and NDWI in monitoring drought
in grasslands over the Flint Hills ecoregion in the U. S. Great Plains. They reported a
larger decrease in NDWI values in response to drought conditions than those of NDVI,
which suggest that NDWI may be a more sensitive indicator of approaching drought
compared to NDVI.
Several other indices were also developed using the historical time series
vegetation indices and canopy temperature information and applied for monitoring
drought globally. For example, Kogan (1995) computed the Vegetation Condition Index
(VCI) and Temperature Condition Index (TCI) using average, minimum, and maximum
AVHRR based NDVI and brightness temperature data, respectively, over a temporal
composite period of interest. The VCI and TCI were successfully applied for crop yield
assessments in United States and other parts of the world including Asia, Europe, and
South America (Kogan, 1995; Kogan, 1997). The Vegetation Health Index (VHI) was
developed by combining the AVHRR-based VCI and TCI information and applied
globally for drought assessment in parts of Asia, Africa, Europe, and the Americas
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(Kogan, 2002). Peters et al. (2002) developed the Standardized Vegetation Index (SVI)
by quantifying the per-pixel deviation of current NDVI from the “normal,” computed
from the historical NDVI data record and applied for assessing drought related vegetation
conditions in the U.S. Great Plains. Available literature suggests that most of the
vegetation stress assessment studies in the U.S. Great Plains are based on broad land
cover types such as forest, croplands, and grasslands. Relatively little research has been
conducted to understand the response of different grassland cover types or crop types
with different management practices to drought stress at local and regional levels.
1.2. Objectives
The goal of this dissertation research is to evaluate the response of vegetation to
drought-related water stress at multiple spatial scales including the leaf, canopy, and
landscape scales using remotely sensed reflectance and/or thermal data.
In the context of drought monitoring, knowledge about the amount of water held
in plants tissues is important, as it provides an indication about the plant’s susceptibility
to drought stress. The volume of water held in leaf tissues is generally expressed in terms
of relative water content (RWC). The RWC compares the actual water content in a leaf
against the content at full turgor and provides a direct measure of water status in leaf
tissue. The first objective of this dissertation is to estimate RWC in soybean leaves using
close-range, high spatial resolution thermal imagery. The sub-objectives include:
1. To evaluate the thermal response of leaves of soybean plants subjected up to
eight days of water deficit and compare the leaf temperatures of progressively
water stressed plants against the control (well watered) plants.
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2. To develop models using both raw leaf temperatures and leaf temperature
based indices extracted from thermal images to estimate RWC.
Soil moisture status in the plant’s root zone is one of the important factors
determining the plants vulnerability to drought stress. In rainfed farming systems,
precipitation primarily controls the amount of moisture present in the soil profiles
available for plants to use in photosynthesis. Deficiency of soil moisture within the
plants’ root zone limits their photosynthetic capacity and ultimately results in drought
stress in plants. Understanding the connections between root zone soil moisture and plant
spectral signals will improve our ability to detect and monitor drought stress in
vegetation. The second objective of this dissertation is to evaluate the relationships
between vegetation indices and soil moisture for corn and soybean crops grown under
rainfed farming systems in southeastern Nebraska using close-range spectral reflectance
data taken approximately at one week intervals during the crop growing cycles. The subobjectives include:
1. To assess the relationship between corn and soybean spectral reflectancebased VIs with same-day soil moisture measured at four different depths
within the root zone.
2. To assess the relationship between corn and soybean spectral reflectancebased VIs with antecedent soil moisture with lags up to 60 days at 5-day
increments at four different depths within the root zone.
In natural and managed ecosystems, different vegetation cover types respond
uniquely to drought stress. Some vegetation cover types are more drought resistant
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compared to the others. Knowledge about the relative susceptibility of different
vegetation cover types to drought stress may contribute to the formulation of better
drought detection and planning efforts. In this context, the third objective of this
dissertation research is to evaluate the response a few select crop and grassland cover
types to drought across the state of Nebraska through the analysis of data collected by
Moderate Resolution Imaging Spectroradiometer (MODIS) on board Terra satellite
platform. The sub-objectives include:
1. To compare the Terra-MODIS derived cumulative daytime and nighttime
Land Surface Temperature (LST) and NDVI response of irrigated and rainfed
corn and soybeans and three grassland cover types during the growing seasons
of contrasting drought (2002) and non-drought (2007) years.
2. To examine the differential response of the aforementioned land cover types
to drought stress.
1.3. Study Area
The study area of this research is focused on the state of Nebraska in the United
States. The state covers an area of about 200 thousand km2 and constitutes a part of the
Central Great Plains region of North America. Agriculture and ranching are important
economic activities. Grasslands and croplands constitute approximately 54% (10.9
million ha) and 39% (7.9 million ha) of the state’s total area, respectively (Henebry et al.,
2008). The distribution of grassland cover types across the state is influenced by the
gradient in precipitation. The tall grass prairie in the east is transitioned to mixed and
short grass toward the drier western part of the state. Corn and soybeans are the major
crops grown in the state, and the other minor crops include winter wheat (Triticum
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aestivum), sorghum (Sorghum bicolor), and alfalfa (Medicago sativa). Specific cropping
pattern and management practices are strongly influenced by the amount of precipitation
received during the major crop growing season and vary widely across the state. Because
of a favorable precipitation regime, non-irrigated corn and soybeans thrive in the eastern
part of the state. In contrast, the majority of crops in the much drier western and central
Nebraska are irrigated from both surface and ground water sources.
Drought is a regular climatic occurrence in the state affecting the crop and pasture
productivity. According to the U.S. Drought Monitor, severe and extreme drought
conditions were experienced in at least some parts of Nebraska at some period during the
crop growing season in seven out of past 12 years between 2000 and 2011
(http://droughtmonitor.unl.edu/). During the drought of 2002, entire state of Nebraska
was under moderate to exceptional drought conditions (http://droughtmonitor.unl.edu/,
July 30, 2002). During this period more than 80% of the range and pasture lands in the
state were reported to be under poor to very poor condition (USDA, 2002).
This dissertation research was carried out at the leaf, canopy, and landscape
scales; therefore the areal unit of each level of study was different. The leaf level study
was performed in a greenhouse located at the University of Nebraska-Lincoln (40.82°N,
96.68°W, and elevation 370.03 m above sea level), USA. The canopy level study was
carried out at the University of Nebraska Agricultural Research and Development Center
(ARDC), located in the southeastern part of Nebraska, USA. The study site is a rainfed
cropland (41°10'46.8˝ N, 96°26'22.7˝ W) covering an area of 65.4 ha with a yearly crop
rotation pattern of corn and soybeans. The landscape level study covered the entire state
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of Nebraska. More detailed description of the study area is provided in the respective
research chapters.
1.4. Data
This research was conducted using a number of remotely sensed and in situ data
sets. The leaf level study included high spatial resolution thermal imagery and in situ data
on leaf gas exchange and RWC. The leaf temperature information of the soybean plants
was acquired using a thermal camera (FLIR ThermaCAM 640, FLIR Systems, Inc.). Leaf
gas exchange measurements including the leaf photosynthetic rate (A), stomatal
conductance (gs), and intercellular CO2 concentration (Ci) were taken on specific leaves
using a portable open-path gas exchange measurement system (model LI-6400, Li-Cor
Inc., Lincoln, NE, USA). Water content of the leaves was determined by gravimetrically
measuring RWC. The canopy level study was carried out by using high spectral
resolution reflectance data taken approximately at 6 m above the corn and soybean
canopies and volumetric soil moisture data measured at four depths (10, 25, 50, and 100
cm) in the soil profile. The spectral reflectance data were acquired by using a dual-fiber,
inter-calibrated Ocean Optics USB2000 radiometers attached to the sensor platform. Soil
moisture data were collected using Vitel and Theta probes. In the landscape level study,
Terra-MODIS eight-day composite LST (MOD11A2, collection 5) and surface
reflectance (MOD09Q1, collection 5) products spanning the 2002 and 2007 growing
season periods (May 15 through September 28) covering Nebraska (tile h10v04) were
used. The detailed description about the data and methods are presented in the respective
research chapters.
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1.5. Dissertation Structure
This dissertation is organized into five chapters. Chapter 1 provides an
introduction to the research background, rational, and objectives of this dissertation. It
also presents an overview of the study area and the data used in this dissertation research.
Chapter 2 presents the determination of relative water content in soybean leaves using
close-range thermal infrared imagery. Chapter 3 analyzes the relationships among the
corn and soybean based vegetation indices and root zone soil moisture using above
canopy hyperspectral reflectance data. Chapter 4 presents the response of different
vegetation cover types to drought stress in Nebraska using Terra-MODIS Land Surface
Temperature and NDVI products. Chapter 5 summarizes the important findings of this
work and provides recommendations for future research.
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CHAPTER 2

NON-INVASIVE ESTIMATION OF RELATIVE WATER CONTENT IN
SOYBEAN LEAVES USING INFRARED THERMOGRAPHY
Abstract
Infrared thermography is a useful technology for examining water status in
terrestrial vegetation. The objective of this chapter is to estimate relative water content
(RWC) in soybean plants (Glycine max), grown under greenhouse conditions using high
resolution thermal infrared images. The plants were subjected to a range of moisture
stress treatments in order to evaluate the water content in sampled leaves. The plants were
irrigated with 8 different treatment levels (control (i.e., fully irrigated) and 1 to 7 days of
water being withheld). One specific trifoliate (three leaves) was segmented from each of
the thermal images for every plant sample, and both mean temperature and Crop Water
Stress Index (CWSI) were computed for each plant. Leaf discs were taken from the same
trifoliate to gravimetrically measure RWC. RWC had statistically significant correlation
coefficients with both CWSI (r = -0.92, n = 56; P < 0.001) and raw mean temperature (r
= -0.84, n = 56; P < 0.001). Two separate regression models were developed to predict
RWC using mean raw trifoliate temperature and CWSI. Our results document that a
CWSI-based regression model was better in predicting RWC than a model based on mean
raw trifoliate temperature.
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2.1. Introduction
Water deficit poses a serious threat to both the survival and productivity of crops.
Plants experience water stress when the transpiration demand exceeds the amount of
moisture available in the root zone (Kacira et al., 2002). Determination of water status in
plants is important to agriculturalists, particularly as it relates to irrigation management,
in order to optimize plant productivity (crop yields). Relative Water Content (RWC) is a
biophysical variable that quantitatively expresses water volume per leaf. It is expressed as
a ratio of the amount of water present in the leaf at sampling time to the amount when the
leaf is turgid (Smart and Bingham, 1974). Traditionally, water status in plants is
evaluated either by measuring in situ soil water status (such as soil water content, or soil
water potential) or by measuring in situ physiological variables that characterize water
status in leaves (e.g., RWC, leaf water potential, stomatal conductance, or photosynthetic
rate). However, these methods are time consuming, labor-intensive, and often require
destructive sampling. Additionally, such measurements are point based, and often provide
a poor representation of field conditions, especially when the sample size is small
(Jackson, 1982).
Remote sensing offers a non-destructive method of quantifying the amount of
water present in plants, and several investigators have examined the utility of various
portions of the electromagnetic spectrum for measuring the amount of liquid water in
vegetation. The potential utility of vegetation indices based upon the near-infrared (NIR,
700 to 1300 nm) and middle-infrared regions (MIR, 1300 to 2500 nm) of the spectrum
for retrieving leaf water content is well documented (Gao, 1996; Ustin et al., 1998;
Jackson et al., 2004; Chen et al., 2005). Spectral reflectance of vegetation in the NIR
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region is determined by leaf tissue, cell structure, canopy architecture, and the presence
of two weak water absorption bands (at 970 and 1200 nm). Reflectance in the MIR is
primarily controlled by the volume of water in leaf cells, with strong water absorption
bands centered at 1450, 1950, and 2250 nm (Tucker, 1980; Carter, 1991; Sims and
Gamon, 2003). Under water stress conditions, plant reflectance increases throughout the
visible, NIR and MIR regions (Hunt and Rock, 1989; Carter, 1991; Inoue et al., 1993).
Numerous vegetation indices have been developed using spectral bands in the NIR and
MIR to quantify liquid water content in vegetation. Examples include the Moisture Stress
Index (Rock et al., 1986), the Normalized Difference Infrared Index (Hardisky et al.,
1983), and the Normalized Difference Water Index (Gao, 1996). Although widely used
as surrogates for water content in vegetation, NIR and MIR based indices are not
sensitive to RWC differences of 6% or less (Riggs and Running, 1991), which are critical
for identifying the onset of drought stress in vegetation. MIR based indices, particularly
those using spectral signals within the strong water absorption regions, tend to saturate
when a vegetation canopy closes, or when the leaf area index reaches 4 or greater
(Lillesaeter, 1982), which suggests that such indices may not be sensitive to the full range
of RWC. Bowman (1989) showed that relationships between NIR (810 nm) or MIR
(1665 and 2212 nm) and RWC were weak and sometimes statistically non-significant
when RWC ranged between 92 and 100%.
The thermal infrared portion of the spectrum provides an alternate opportunity to
analyze plant water status. Use of canopy temperatures for stress assessment is based on
the principle that availability of adequate moisture enables plants to transpire at potential
rates, thus resulting in leaf temperatures lower than air temperatures. During
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transpiration, a substantial amount of the energy that is required for converting each mole
of liquid water into water vapor is removed from the leaf in the form of latent heat, which
keeps the leaf surface cool (Jones et al., 2009). When moisture in the root zone
diminishes, the stomata close to prevent the diffusion of water vapor from the leaf to the
atmosphere through transpiration. Thus, incident radiation on the leaf is primarily
converted to sensible heat (instead of latent heat), which increases leaf temperatures so
they then exceed the air temperatures (Fuchs, 1990; McVicar and Jupp, 1998; Anderson
and Kustas, 2008). The onset of water stress, resultant stomatal resistance, and elevated
temperature responses in plants can be more quickly detected than water stress related
changes in NIR reflectances (e.g., Jackson and Ezra, 1985).
A number of previous water-stress studies were based upon canopy temperatures
being measured by either hand-held or vehicle-mounted infrared thermometers (IRT’s)
(Idso et al., 1981; Jackson et al., 1981; Fuchs, 1990; Jones, 1999; Payero and Irmak,
2006). Often the measured canopy temperature is combined with meteorological data to
further refine the quantification of water stress. For example, the Crop Water Stress
Index (CWSI), one of the most widely used indices for quantifying water deficit in
agricultural crops, combines canopy temperatures measured using IRT’s in conjunction
with ambient meteorological conditions such as air temperature and humidity (Idso et al.,
1981; Jackson et al., 1981; Jackson et al., 1988). Although canopy temperatures as
measured with an IRT may be used to estimate temperature at field scales, one of the
limitations inherent in such a procedure is that the data are spatial averages of the
emittances from all materials found within the field-of-view of the sensor. Therefore, the
measured temperature may not represent canopy only, particularly during the early stages
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of plant growth when the leaf area index is low, leading to the sensor field-of-view
including non-leaf materials (e.g., stems or background soil). As the leaf temperature
increases linearly with increased absorbed radiant energy (keeping other factors constant)
(Jones et al., 2009), internal shading within the canopy is another issue potentially
increasing the bias of the IRT based temperature measurements. Several thermal image
based studies on grapevines, in both field (Jones et al., 2002; Grant et al., 2007) and
greenhouse (Leinonen and Jones, 2004) settings, have reported temperature differences
between the sunlit and shaded components of the canopies. The widespread availability
of high resolution, lightweight, portable thermal cameras provides an opportunity to
examine the temperatures of individual plant leaves; thus eliminating, or at least isolating,
the influence of background materials. Thermal images have been used at both leaf and
canopy levels for not only visually analyzing the impact of water stress on individual leaf
surfaces but also for computing temperature-based indices as a means of quantifying
water stress in leaves. Hashimoto et al. (1984) were among the first to use thermal
imaging techniques to monitor the short-term (two minute intervals up to 22 minutes)
changes in the leaf temperatures of root-pruned sunflower plants under moisture deficit.
Jones (1999b) also used thermal imaging to monitor short-term changes (one minute
intervals for an 11-minute period) in stomatal conductance over one detached leaf surface
from a French bean plant. Ondimu and Murase (2008) combined imaging techniques in
both the thermal infrared and visible spectrum to detect water stress in Sunagoke moss.
They achieved good correlations among the CWSI derived from thermal imagery, visible
reflectance from the Sunagoke moss, and water content.
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Previous studies have reported the use of field or greenhouse based thermal
imaging approaches in estimating stomatal conductance of grapevine canopies (Jones et
al., 2002), French beans, and lupins (Grant et al., 2006), leaf water potential in cotton
plants (Cohen et al., 2005; Alchanatis et al., 2010), and both stomatal resistance and stem
water potential in olive trees (Ben-Gal et al., 2009). While a reduction in stomatal
conductance is considered to be a very sensitive and early indicator of a plant
experiencing a water deficit, RWC is a more direct measure of water status in plant
tissue because it compares the actual water content in a leaf against the content at full
turgor. Jones (2007) argues that cell elasticity or cell turgor, which directly drives cell
expansion and contraction, is the real indicator of water status and that RWC is a good
proxy for cell turgor. Although past studies have documented a strong relationship
between leaf temperature and stomatal conductance (e.g. Jones et al., 2002, Grant et al.,
2006), and considering the significance of RWC as an indicator of plant water status, the
potential relationship between RWC and leaf temperature needs to be examined. In this
study, we used RWC as an indicator of plant water status and tested the utility of high
spatial resolution thermal images for non-destructive estimation of RWC in soybean
leaves (Glycine max). More specifically, we used both raw leaf temperature and CWSI
derived from the thermal images to develop and test our models.
2.2. Materials and Methods
2.2.1 Plant Material
The experiment was conducted in a greenhouse at the University of NebraskaLincoln (40.82°N, 96.68°W, and elevation 370.03 m above sea level), USA, during April
and early May of 2011. Sixty soybean plants (Pioneer 92Y-70) were grown in identical
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black plastic pots, with the capacity of each pot being 1.4 liters (length 10.7 cm; width
10.2 cm, and height 12.5 cm). To maintain uniform plant growth and development, an
equal amount of soil (Bergers BM1 potting soil mix with 80% peat and 20% pearlite) was
inserted into each pot, along with three soybean seeds. Plants emerged 6 days after the
seeds were sown and at the emergence (VE) stage, the plants were thinned to retain one
plant per pot. The pots were arranged in 5 columns and 12 rows with spacing of 0.2 m on
an elevated netted platform. Positions of the plants were changed randomly to minimize
the impact of any solar radiation differences occurring in the greenhouse. On day 21 after
emergence (V3: third trifoliate stage of development), the plants were supplied with a
fertilizer solution (Hoaglands modified nutrient solution) to maintain their nutrient
sufficiency.
2.2.2 Meteorological Measurements
The environmental conditions within the greenhouse were monitored carefully.
Two quantum sensors (Li-Cor Biosciences, Lincoln, NE, USA) were placed at both sides
of an elevated platform (1 m above the soybean canopy) to record the amount of
photosynthetically active radiation (PAR) available to the plants. The average of the two
sensors was used in this study. Ancillary measurements included ambient air temperature
and relative humidity (RH). Air temperature was measured using a thermistor (model
107, Campbell Scientific, Logan, UT, USA) and RH was measured (model HMP50,
Campbell Scientific, Logan, UT, USA). PAR, air temperature and RH were sampled
every minute and recorded by a data acquisition system (CR850, Campbell Scientific,
Logan, UT, USA). Plants were grown under sunlight throughout the day and with air
temperature and relative humidity ranging between 20 and 38 °C and 10–75%,

23
respectively. Variations in PAR and air temperature during the 8-day experimentation
period are shown in Figure 2.1. No artificial lighting was used during the entire
experimentation period.
2.2.3 Irrigation Treatments
All plants were watered every day to maintain the field capacity of the soil
mixture, and excess water was allowed to drain through the bottom of the pots and the
nets of the platform. A moisture-deficit strategy was implemented on day 38 after
emergence. Most plants had developed pods (3/4 inch or longer) on one of the four upper
nodes of the main stem, and thus, from a phenological standpoint, they were at the R4
stage of growth. R4 is the most crucial period for seed yield and any stress during this
period can cause a significant reduction in yield (McWilliams et al., 2004). The plants
(total 58) were randomly grouped into 8 classes and were subjected to 8 different
irrigation treatments; control and water stressed day-1 (WS 1) through water stressed
day-7 (WS 7). The treatment groups WS 1 through WS 7 had 7 replicates each (7
replicates x 6 treatments = 42), and control and WS 7 treatment groups contained 8
replicates each (8 replicates x 2 treatments = 16). In this experiment, each replicate is a
single plant. It is noted that we kept one additional replicate in both the control and WS 7
treatment groups. These two “extra” plants were later used as fully transpiring (control
replicate) and non-transpiring (WS 7 replicate) plants during the image acquisition to
facilitate the computation of the thermal image based CWSI (more description is
presented in the image acquisition and processing section).
On the first day of the water stress regimen, WS 7 plants were excluded from
irrigation, while the remaining plants continued to receive water daily at the field
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capacity of the soil. On the following day, WS 7 and WS 6 plants were both excluded
from watering while the remaining plants were irrigated at field capacity. On each
successive day, one more group of plants was excluded from irrigation in order (WS 5,
WS 4, WS 3, WS 2, and WS 1). The process continued until only the control plants were
left in the original lot, and these plants received water at field capacity each day of the 7day water stress experiment period (May 5 to May 11, 2011).
2.2.4 Thermal Image Acquisition and Processing
Thermal images were acquired and measurements of relative leaf water content
were taken on day 8 after the initiation of the moisture deficit program (45 days after
plant emergence). Images of the plant canopies were acquired using a thermal camera
(FLIR ThermaCAM 640, FLIR Systems, Inc.). The spectral range and resolution of the
instrument are 7.5 to 13 µm and 0.65 milliradians, respectively. The acquired images
were 640×480 pixels at 14-bit radiometric resolution. The instrument is sensitive to a
temperature range between – 40 °C and + 120 °C with an accuracy of ±2°C. The FLIR
instrument had an 8 mm lens with an angular field of view of 32°. Emissivity was set at
0.96, corresponding to the normally accepted value for vegetation (Jensen, 2007). The
camera was mounted on a tripod and pointed vertically downward at a fixed position for
each image. The distance between the camera and the plant canopy was approximately
0.85 meter, yielding images with a spatial resolution of 0.05 cm. This high spatial
resolution allowed a precise distinction to be made between individual leaves and both
stem and non-vegetated materials in the image. Narrow strips of aluminum foil were
wrapped around the node (or petiole) of the fourth trifoliate of each plant to identify the
leaves of interest in each thermal image. Leaf temperature varies with air temperature,
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humidity, wind speed, and downwelling irradiance, and these conditions may change
rapidly in not only the field but also in greenhouse settings (Jones et al., 2009). During
image acquisition, two plants, one control (non-stressed) and one fully stressed (WS 7),
were placed on either side of the plant of interest (within the field-of-view of the camera)
in order to calibrate the leaf temperature against the same for a fully transpiring as well as
a non-transpiring plant under the given environmental conditions. These two plants,
representing fully transpiring and non-transpiring plants for the computation CWSI,
remained constant for all thermal imaging. The thermal images were collected from a
total of 56 soybean plants, grouped into 8 treatments with 7 replications (plants) per
treatment. The plants from a single treatment were imaged sequentially. Several studies
have recommended midday as the ideal time for thermal image acquisition when the
plants experience maximum water stress, and the environmental variables (air
temperature, irradiance, and RH) that affect the leaf temperatures are relatively stable
(e.g. Grant et al., 2006; Ben-Gal et al., 2009; Alchanatis et al., 2010). However, thermal
images for this study were acquired between 9:50 and 12:15 hours local time (Figure
2.2a) as we were interested in understanding the extent to which the thermal image based
CWSI computation approach would normalize the influence of environmental variables
on leaf temperatures. The conditions on the day of thermal imaging were quite typical of
a day in mid-May in the Midwestern U.S. A major part of the experimentation day (Day
8) was marked by intermittent cloud cover and consequent sporadic variations in PAR.
Air temperature remained fairly uniform compared to other days, especially from day-2
to day-7 (Figure 2.1). We hypothesized that since leaf temperatures at a particular time
are dependent on the concurrent environmental conditions, the CWSI based method,
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which normalized the leaf temperature, would be more responsive to the actual water
content in leaves. The greenhouse environmental conditions that primarily drive the leaf
temperature (i.e. PAR, air temperature, and relative humidity) showed some variations
during the data collection period (Figure 2.2). PAR remained below 1000 µmol/s/m2
during most of the data-collection period with some occasional spikes due to clouds. Air
temperature ranged from 24° to 29°C between 9:30 and 12: 15 hours. Overall, RH
showed a decreasing trend up to 11:30 hours and then increased toward the latter part of
the data collection period (approximately between 11:20 and 11:45 AM).
The raw thermal images, one for each plant (total 56) were processed using FLIR
systems proprietary software (ThermaCamResearcher), and were subsequently analyzed
with ENVI image processing software (version 4.7; Environmental Systems, Boulder,
CO). In each thermal image, the pixels comprising the fourth trifoliate of the control
plant, fully stressed plant, and specific sampled plant of interest were manually
segmented and the pixels were extracted. Mixed pixels along the edge of the leaf
comprising the thermal signals from both leaf and other background materials were
manually excluded. The CWSI index, developed by Idso et al. (1981) and Jackson et al.
(1981), was used and is defined as:

CWSI =

(Tl − Twet)
(Tdry − Twet)

(2.1)

Where, Tl is the actual leaf temperature under given environmental conditions; Twet is the
lower boundary for canopy temperature, corresponding to a well-watered plant with fully
open stomata. Tdry is the upper boundary for canopy temperature, representing the
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temperature of a non-transpiring plant with stomata completely closed. All temperature
measurements were in °C.
Although Equation 2.1 was employed in this study, we made use of a different
baseline for the computation of Tl, Twet, and Tdry as described in Grant et al. (2006). We
used the mean temperature of the 4th trifoliate of the plant of interest (Mean Tleaf) as Tl,
minimum 4th trifoliate temperature of the control plant (Min Twet) as Twet, and maximum
4th trifoliate temperature of the fully stressed plant (Max Tdry) as Tdry in order to compute
CWSI for each plant. Thus, the CWSI was calculated for this study as:

CWSI =

(Mean Tl − Min Twet)
(Max Tdry − Min Twet)

(2.2)

2.2.5 Measurement of Leaf Gas-exchange
Leaf gas exchange measurements were made on specific leaves immediately after
the acquisition of thermal images using a portable open-path gas exchange measurement
system (model LI-6400, Li-Cor Inc., Lincoln, NE, USA). Three plants, each from control
and treated (WS 1 through WS 6), were selected to measure the leaf photosynthetic rate
(A), stomatal conductance (gs), and intercellular CO2 concentration (Ci). Because a
number of leaves in WS 7 plants visually appeared to have shriveled because of the
intensity of water stress, and to prevent any potential further damage to the leaves during
the measurement process, the gas exchange data were not collected from those plants.
The node leaf of the 4th trifoliate of the sampled plants was used, and 6 readings per leaf
were obtained, with the average values of these three variables per leaf being reported
upon in this study.
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2.2.6 Measurement of Relative Water Content
The measurements of leaf gas exchange were immediately followed by the
gravimetric measurements of RWC. Five leaf disc (1.0 cm diameter) samples were taken
from each of the 4th trifoliate leaves (5 discs × 3 leaves = 15 discs per replicate). The leaf
discs were immediately sealed in pre-weighed vials (one vial per replicate) to prevent any
evaporative loss of water from the samples and then weighed on a balance (Leco-250,
Leco/Sartorius Corp.). Fresh weights (FW) of the samples were determined by
subtracting the empty vial weight from the filled vial weight. Subsequently, the vials
were filled with distilled water and refrigerated at 5 °C for 15 hours to allow the samples
to fully rehydrate (Zygielbaum et al., 2009). The samples were then removed from the
vials, placed on an absorbent paper towel and gently patted to remove any water from
their surfaces. The leaf discs were immediately weighed again to obtain the full turgor
weights (TW). The samples were again put in the vials, with caps loosely in place. The
vials were kept in an oven for 36 hours at 105°C, and then weighed again to derive the
dry weights (DW). The RWC was determined by using the following equation:

RWC =

(FW − DW)
× 100
(TW − DW)

(2.3)

2.2.7 Data Analyses
IBM SPSS Statistics 19 (2010) software was used for data analyses and Microsoft
Excel (2010) was used for producing graphics. Data were tested for normality and
homogeneity of variances using Shapiro-Wilk and Levene’s tests, respectively.
Differences among the treatments were examined with one-way Analysis of Variance
(ANOVA). Welch results for equality of means were reported where the variances within
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groups were not equal. Dunnet T3 tests were conducted to identify significant treatment
differences where equal variances were not assumed. Conversely, Scheffe tests were
reported where equal variances were assumed. Variation from the mean is reported as ±
one standard error.

2.3. Results
The response of the soybean plants to water stress treatments, as detected by
RWC, mean Tleaf, and CWSI methods is presented as Figure 2.3. The top graphic (Figure
2.3a) shows the mean RWC values of the control and the water stressed plants (WS 1 –
WS 7). The Welch test shows significant differences in RWC among the treatments [F
(7, 20.21) = 749.63; P < 0.001]. Overall, the RWC values decreased with increasing
water stress in plants. The differences between control versus WS 1 and WS 2 were not
statistically significant, while the difference between control and WS 3 was significant (P
= 0.002). The rate of decrease in RWC was relatively low from control up to WS 4
plants, with a mean RWC difference of 14% (P = 0.001). The RWC of the WS 5 plants
experienced a sharp decline compared to those of WS 4, which had a mean difference of
36%. This dramatic decrease in RWC from WS 4 to WS 5 indicates that under a stress
condition, the plants lost water at a relatively slow rate up to 4 days. Beyond the fourth
day without water, plants may require irrigation to maintain their water status. However,
compared to the rest of the treated and control groups, the WS 5 plants experienced the
greatest variance in their RWC values. As expected, the WS 7 plants experienced the
lowest mean RWC value, which is about 68% less than that of control plants.
The mean Tleaf and the corresponding CWSI values for the control and water
stressed plants are shown in Figs. 3b and 3c, respectively. Leaf temperatures exhibit an
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increasing trend from control up to WS 5, while WS 6 and WS 7 plants experienced
lower temperatures than those of WS 5. Conversely, CWSI values reveal an inconsistent
trend from control up to WS 3, and then exhibit a consistent rising trend with increased
levels of water stress. The differences in mean temperatures among the control and WS 1
through WS 3 were not statistically significant. The mean CWSI differences among the
control and WS 1 through WS 4 were also not statistically significant. However,
statistically significant differences in mean CWSI values were obtained between control
and WS 5 (0.3, P < 0.001); control and WS 6 (0.35, P < 0.001); and control and WS 7
(0.41, P < 0.001).
Figure 2.4 illustrates the average photosynthetic rate, stomatal conductance, and Ci
responses of the control and treated (WS 1 to WS 6) plants. Photosynthetic rate (Figure
2.4a) decreased slowly from control to WS 3 plants, and then exhibited a steep decline
from WS 3 to WS 4. There were no statistically significant differences in photosynthesis
rate detected between control and WS 1, WS 2, WS 3 plants. However, control plants
experienced significant differences in photosynthetic rate with WS 4 (P = 0.017), WS 5
(P < 0.001), and WS 6 (P < 0.001). Stomatal conductance (Figure 2.4b) showed a
decreasing trend with a near linear decline from control to WS 5, and a slight decline with
higher variance from WS 5 to WS 6. Statistically significant differences in stomatal
conductance were observed between the control and WS 4 (P = 0.031); control and WS 5
(P = 0.003); and control and WS 6 (P = 0.002). Ci rates were relatively stable from
control to WS 3, and then they experienced an increasing trend up to WS 6 (Figure 2. 4c).
Control plants had a significantly different Ci rate than those of WS 5 (P < 0.001) and
WS 6 (P < 0.001).
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To examine the robustness of the RWC measurement protocol adapted in this
study, regression models were developed to relate photosynthetic rate, stomatal
conductance, and Ci with their corresponding RWC values (Figure 2.5). Results
documented a small increase in both stomatal conductance and photosynthetic rate
between RWC measurements of 15% and 40%, but between RWC values of 60% and
85%, both these variables increased at near-linear rates with increasing RWC. Overall,
RWC accounted for 85% of the variation in photosynthetic rate, 75% of the variation in
stomatal conductance, and 90% of the variation in Ci. All regressions models were
statistically significant with P < 0.001.
Pearson Product Moment Correlation coefficients were used to evaluate the
relationship between RWC and mean Tleaf and CWSI, respectively. Results indicated that
RWC had highly significant (P < 0.001) relationships with both CWSI and raw mean
temperature. However, the correlation between RWC and CWSI was better (r = -0.92, n =
56) than that between RWC and raw mean temperature (r = -0.84, n = 56). We developed
and validated regression models to predict RWC using both leaf mean temperature and
CWSI. The data collected from the plants were divided into calibration and validation
data sets. The first five replicates of each treatment (8 treatments × 5 replications = 40)
were used for developing the calibration model and the remaining 2 replicates were used
for validating the models (8 treatments × 2 replications = 16). Figure 2.6 shows the
relationships between mean Tleaf and RWC (a) and between CWSI and RWC (c). The
feature space of Tleaf and RWC exhibited scatter from the regression line (especially WS
4 and WS 6), while the feature space of CWSI and RWC is more closely distributed
along the regression line. Although both models are highly significant (P < 0.001), higher

32
coefficient of determination (R2) and lower RMSE values indicate that RWC may be
better estimated using CWSI rather than using Tleaf. Validation of models led to the
conclusion that CWSI (Figure 2.6d) is a better predictor of RWC than Tleaf (Figure 2.6b).

2.4. Discussion
The potential of using high spatial resolution thermal images for estimating RWC
in soybean leaves was examined in this study. The mean temperatures of the leaves
(Tleaf), as well as a temperature-based index (CWSI) calculated from the data extracted
from thermal images, were used separately to predict RWC. Significant differences in
mean Tleaf and CWSI values were obtained between control and water stressed plants
(those experiencing at least four days of irrigation withdrawal). With the exception of
some minor variations, Tleaf and CWSI were consistent with the gravimetrically measured
RWC values (i.e., increasing Tleaf and CWSI values with decreasing RWC) (Figure 2.3).
This also suggests that plants under water stress can be detected by thermal-image-based
Tleaf and CWSI. Slight differences in RWC, Tleaf, as well as CWSI values were obtained
between control and WS 1 treatments. This may be due to variations in environmental
factors. Day 7 of the experiment, when water was withheld from the WS 1 group of
plants, was a day with consistent cloud cover and afternoon thunderstorms. That resulted
in both relatively low PAR and air temperatures as compared to the rest of the days of the
experiment (Figure 2.1), and might have caused the WS 1 plants to be less water stressed.
RWC values of WS 5, 6, and 7 are almost the opposite and mirror those of CWSI, while
Tleaf values of WS 5, 6, and 7 are inconsistent. It should be especially noted that, although
the thermal images of WS 6 and 5 plants were taken during 09:50 to 10: 16 hours and
10:18 to 10:44 hours, respectively, the mean Tleaf of WS 5 was higher than that of WS 6
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(Figure 2.2a and Figure 2.3b). This indicates the potential combined influence of
variables like irradiance, air temperature, and RH during the image acquisition time on
the leaf temperature (Jones, 1999a). Compared to WS 6, average PAR was about
60µmol/s/m2 higher, average air temperature was about 0.2°C higher, and average RH
was about 5% lower when the thermal images of WS 5 plants were taken (Figure 2.2).
Moreover, the impact of these variables was normalized by the computation of CWSI,
and this is demonstrated in a gradual increase in CWSI values with increasing intensity of
water stress (Figure 2.3c). The results indicate that calibration of Twet and Tdry using the
methods described in this study could make thermal image based indices more responsive
to water stress.
The relationships between RWC and other leaf-physiological variables
(photosynthetic rate, stomatal conductance, and intercellular CO2 concentration) related
to water status were examined in order to assess the accuracy of RWC in representing the
water status of plants, as well as to test the RWC extraction procedure adapted in this
study. Regression analyses showed that significant variations in photosynthetic rate,
stomatal conductance, and intercellular CO2 content were explained by variations in
RWC.
Both Tleaf and CWSI exhibited significant correlations with RWC. Tleaf and CWSI
were tested by means of regression analysis and validated separately to compare their
relative performances in estimating RWC. A slightly lower R2 value of Tleaf versus RWC
regression again emphasizes the impact of varying meteorological conditions on the leaf
temperature, and therefore uncertainty in estimating the water status of plants. This study
demonstrates that a thermal image based CWSI that accounts for environmental
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variations can be used for improved estimation of RWC in soybean plants with RMSE
values of 10.8%. The RMSE values reported in this study are slightly lower than those
obtained by Yu et al. (2000), who used reflectance ratios in the MIR (R1430/R1650;
R1430/R1850; R1483/R1650) to estimate RWC in four plant species including soybeans.
Comparable precision in estimating RWC in soybean leaves using a MIR-based spectral
index was reported by Inoue et al. (1993). Previous thermal image based studies used
both raw leaf temperature and CWSI for estimating plant water status and produced
similar findings (i.e., they report the advantage of using CWSI relative to raw leaf
temperature in evaluating plant water status). For example, Cohen et al., (2005) reported
the greater accuracy of CWSI in estimating leaf water potential for field based cotton
plants. CWSI-based indices also performed better for estimating soil water potential,
stomatal resistance, and stem water potential for olive orchards (Ben-Gal et al., 2009).
The regression models developed using the calibration data sets were applied to
the validation data sets to evaluate their accuracy in predicting the RWC of the soybean
leaves. Predictions of RWC using the validation data sets resulted in higher R2 values
(Tleaf = 0.77; CWSI = 0.89) compared to those of the calibration data sets (Tleaf = 0.69;
CWSI = 0.85).

The results suggest that RWC in soybean leaves can be estimated

accurately using the thermal image analysis procedures presented in this study,
particularly with regard to CWSI computation. Use of maximum and minimum
temperatures for the dry and wet reference leaves, respectively, minimized the excessive
influence of some low temperature pixels particularly present near the edges of the leaves
on the calculation of mean dry reference leaf temperature, which can lead to Tdry being
lower than the Tleaf as suggested by Grant et al. (2006).

35
Future research will focus on investigating the accuracy of the CWSI model in
estimating RWC in field conditions and in different phenological stages of soybean plants
using both close-range and airborne thermal images.
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day experimentation period.

Figure 2.1. Variations in photosynthetically active radiation (PAR) and air temperature (per minute) during the 8-
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Figure 2.2. Time of thermal image acquisition, leaf gas exchange measurements, and leaf
samples extraction for RWC measurements for each treatment (a) and greenhouse
environmental conditions including PAR (b), air temperature (c), and RH (d) during the
data collection period of May 12, 2011.
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Figure 2.3. Average RWC (a), mean Tleaf (b), and CWSI (c) of control and water stressed
(WS 1 – WS 7) soybean plants. Control plants were watered to the full capacity and the
stressed plants were subjected to 1 (WS 1) through 7 (WS 7) days of water withdrawal.
There were 7 plants (n=7) per treatment. Error bars represent mean ± SE. A significant
difference between treatments is indicated in letters above the bars (following the
ANOVA superscript method). Different treatments with the same lowercase letters are
not significantly different according to the Dunnet T3 Test for RWC and the Scheffe Test
for Tleaf and CWSI.
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Figure 2.4. Average (a) photosynthetic rate (A), (b) stomatal conductance (gs), and (c)
intercellular CO2 content (Ci) of control and water stressed (WS 1-WS 6) soybean plants
(n=3 per treatment). Control plants were watered to the field capacity and the water
stressed plants were subjected to 1 (WS 1) through 6 (WS 6) days of water withdrawal.
Error bars represent mean ± SE.
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Figure 2.5. The relationship between RWC and (a) photosynthetic rate (A), (b) stomatal
conductance (gs), and (c) intercellular CO2 concentration (Ci), respectively. Each data
point represents an individual measurement on one leaf. Total sample size is 21 (7
treatments × 3 replicates). All regressions are highly significant (P < 0.001).
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Figure 2.6. Regression models using calibration data sets to estimate RWC; RWC versus
Tleaf (a) and RWC versus CWSI (c). RWC predicted versus RWC measured using Tleaf
regression equation (b) and CWSI regression equation (d). The solid line in each graphic
is the best fit function and the dashed lines represent the 95% confidence intervals for
RWC prediction.

CHAPTER 3

RELATIONSHIPS BETWEEN VEGETATION INDICES AND ROOT ZONE
SOIL MOISTURE UNDER CORN AND SOYBEAN CANOPIES IN THE U.S.
CORN BELT: A COMPARATIVE STUDY USING CLOSE-RANGE SENSING
APPROACH
Abstract
Understanding the connections between root zone soil moisture and vegetation
spectral signals will enhance our ability to manage water resources and monitor droughtrelated stress in vegetation. In this paper, the relationships between vegetation indices
(VIs) and in situ soil moisture under corn and soybean canopies were analyzed using
close-range reflectance data acquired at a rainfed cropland site in the U.S. Corn Belt.
Because of the deep rooting depths of corn plants, corn-based VIs exhibited significant
correlations with soil moisture at a depth of 100 cm (P < 0.01) and kept soil moisture
memory for a long period of time (45 days). Among the VIs applied to corn, the CIRed-edge
correlated best with the 100 cm soil moisture depth (P < 0.01) at concurrent and up to 20day lag periods. The same index showed a significant correlation with soil moisture at a
50 cm depth for lag periods from 10 (P < 0.05) to 60 days (P < 0.01). VIs applied to
soybeans resulted in statistically significant correlations with soil moisture at the
shallower 10- and 25-cm depths, and the correlation coefficients declined with increasing
depths. As opposed to corn, soybeans held a shorter soil moisture memory as the
correlations for all VIs versus soil moisture at 10 cm depth were strongest for the 5-day
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lag period. WDRVI and NDVI performed better in characterizing soil moisture at the 10and 25-cm depths under soybean canopies as compared to EVI and CIRed-edge.
3.1. Introduction
Soil moisture is a key hydrological variable that influences the interactions and
feedbacks occurring at the soil-vegetation-atmosphere interface. It controls the
partitioning of incoming radiant energy into sensible and latent heat fluxes (Shukla and
Mintz, 1982; Delworth and Manabe, 1989). A number of studies have shown the impacts
of soil moisture on the atmosphere over a wide range of space and time scales. Namias
(1989, 1991) noted that reduced soil moisture in spring in the Midwestern U.S.A.
generates a high-pressure cell that results in a warm and dry summer; a condition
conducive to the development of drought in this region. Mintz (1984) reported positive
feedback existing between evaporation and precipitation on land. Similar positive
feedback of soil moisture evaporation on precipitation has been observed in the central
Great Plains of North America during the spring and summer months (Oglesby and
Erickson, 1989; Findell and Eltahir, 1997; Koster et al., 2004).
Variations in soil moisture produce significant changes in hydrological processes
including surface energy balances, vegetation productivity, flooding, runoff, and solute
transport (Goward et al., 2002; Verstraeten et al., 2006). Accurate quantitative
information on the spatial distribution of soil moisture using conventional in situ sensors
is challenging as the data essentially represent measurements at discrete points that do not
account for local-scale variations in soil properties, terrain, and vegetation cover. Thus,
spatial extrapolation of these isolated soil moisture measurements to basin or watershed
scales can produce large uncertainties (Western and Bloschl, 1999). Therefore, a dense
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network of point observations is necessary to adequately characterize the spatial
heterogeneity of soil moisture over extended geographic areas, which can be
prohibitively expensive.
During the past three decades, remote sensing techniques have successfully
supplemented data from ground-based sensors to retrieve spatially-integrated information
on soil moisture over large areas with varying soil and land cover conditions (Schmugge
et al., 1986; Jackson and Schmugge, 1989; Sandholt et al., 2002). Such studies have
utilized the electromagnetic spectrum in the optical-thermal and microwave bands. A
number of studies have demonstrated the utility of passive microwave radiometry and
active microwave for assessing surface soil moisture over large areas (Jackson et al.,
1996; Njoku et al., 2002). Despite having cloud penetration capabilities, microwave
energy loses sensitivity to soil moisture in densely vegetated landscapes as the signals are
influenced by foliage, stems, branches, and vegetation water content (Waring et al., 1996;
Narayanan et al., 2004). In bare or sparsely vegetated surfaces microwave sensors can
recognize water in a shallow near-surface soil layer; from 1-3 cm (C-band) to a maximal
depth of 10 cm (L-band) (Waring et al., 1996; Njoku et al., 2003).
Root zone is the portion of the subsoil profile penetrated by vegetation roots, and
availability of soil moisture in this zone can substantially influence vegetation health and
surface energy balance through the process of transpiration. The depth of the root zone
extends much deeper than the first few cm of the soil profile where the microwave energy
cannot penetrate to retrieve the soil moisture. It is well known that vegetation spectral
reflectance is sensitive to changes in plant biophysical properties including leaf water
content, photosynthesis, or chlorophyll content (e.g. Carter, 1991; Gitelson et al., 2003;
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Gitelson et al., 2005). Soil moisture is one of the major factors influencing these above
mentioned plant biophysical properties; therefore, vegetation reflectance characteristics in
the optical wavelengths can provide indirect information about the soil moisture status in
the plant’s root zone. However, cloud free conditions are required for obtaining reliable
reflectance data in the optical wavelengths from aircraft or satellite platforms. Closerange sensing approach could potentially obviate some of the problems associated with
cloud contamination and provide a basis for validating the satellite based data products
that are affected by cloud cover.
Since the launch of the Landsat instrument in 1972, several vegetation indices
(VIs) have been proposed by transforming the spectral reflectance of vegetation in the
visible and near infrared wavebands. These VIs have been successfully applied to
monitor terrestrial vegetation and to indirectly infer root zone soil moisture (e.g. Wang et
al., 2007). The Normalized Difference Vegetation Index (NDVI) is sensitive to changes
in the chlorophyll (Chl) content in the vegetation canopy through absorption of red
wavelengths by the leaf Chl and related pigments and scattering of NIR radiation by the
spongy mesophyll structure of green leaves (Rouse et al., 1974; Goward et al., 1985).
Multi-temporal NDVI observations have been used extensively for monitoring global
vegetation phenology (Justice et al., 1985), seasonality and annual net primary
productivity in North American biomes (Goward et al., 1985; Goward and Dye 1987),
drought (Kogan 1995) and desertification (Nicholson et al., 1998). While NDVI is widely
used as an indicator of vegetative productivity, the index has several limitations for
adequate characterization of vegetation bio-physical properties that include an apparent
time lag between precipitation events and NDVI response (Di et al., 1994), effects from
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the soil background (Huete et al., 1985), atmospheric attenuation (Kaufman and Tanré
1992), and asymptotic saturation over areas with moderate-to-high density of vegetation
(Gitelson, 2004).
A number of new VIs were developed in order to overcome the inherent
limitations and problems associated with the NDVI. For example, the Enhanced
Vegetation Index (EVI) uses the blue, red, and NIR bands to increase the sensitivity of
vegetation signals from high biomass regions while reducing canopy background noise
along with effects from atmospheric aerosol scattering (Liu and Huete, 1995; Huete et al.,
2002). EVI algorithm incorporates a canopy background adjustment factor that addresses
nonlinear, differential NIR and red radiant transfer through a canopy, and two
coefficients that describe the use of the blue band in correction of the band for
atmospheric aerosol scattering (Huete and Justice, 1999). EVI is more responsive to
variations in canopy structural parameters including leaf area index (LAI) and leaf
morphology (Gao et al., 2000). EVI2 was recently proposed using red and NIR bands to
facilitate the computation in the case of sensors without a blue band (Jiang et al., 2008).
Performance of EVI2 was shown to be comparable with EVI when the atmospheric
effects (including aerosol and residual clouds) are insignificant and data quality is good
(Jiang et al., 2008). The Wide Dynamic Range Vegetation Index (WDRVI) was proposed
to address the saturation of NDVI under moderate-to-high aboveground biomass
conditions (Gitelson, 2004). WDRVI incorporates a weighting coefficient (α) in the NIR
reflectance term in the NDVI formulation to account for the differential sensitivity of
NDVI to red and NIR reflectances. WDRVI was shown to be linearly related to the green
leaf area index of corn and soybeans (Gitelson, 2004; Gitelson et al., 2007). Recently,
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Gitelson et al. (2005) proposed the ChlorophyllRed-edge Index (CIRed-edge) to estimate Chl
content in crops including corn and soybean. While the CIRed-edge has been successfully
implemented for estimating GPP (Peng et al., 2011) and green leaf area in corn and
soybean crops (Vina et al., 2011), its potential for root zone soil moisture characterization
has not been explored.
The Corn Belt is a major corn growing region in the U.S. Within the Corn Belt,
states such as Iowa, Illinois, Nebraska, Indiana, Minnesota, and Ohio collectively
accounts for about three-fourths of the total corn produced in the U.S. (USDA-NASS,
2009). The major proportion of the corn growing areas in this region is rainfed rather than
irrigated. For example, approximately all corn grown in Iowa, which is the leading corn
producing state, is rainfed (Duvik and Cassman, 1999). Soybeans, also an important field
crop in this region, primarily are grown in an inter-annual rotation with corn. Spatiallydistributed estimations of root zone soil moisture in the U. S. Corn Belt may contribute to
monitoring drought-related stress on corn and soybeans grown under rainfed farming
systems. Previous studies have investigated the relationship of remotely sensed VIs with
root zone soil moisture for corn and groundnut crops in India (Rao et al., 1993);
croplands as well as forest cover types in the eastern U.S. Corn Belt (Adegoke and
Carleton 2002); grassland and shrub sites in Texas, Arizona, and New Mexico (Wang et
al., 2007; Schnur et al., 2010); and crop, pasture, and grassland sites in Oklahoma (Gu et
al., 2008). However, a relatively limited body of research has demonstrated the linkages
of root zone soil moisture with the spectral reflectance-based VIs for important
agronomic crops such as corn and soybeans in the U.S. Corn Belt. Our objective is to
evaluate the potential of proximally sensed VIs simulated to the band passes of
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contemporary

space-borne

sensors

such

as

Moderate

Resolution

Imaging

Spectroradiometer (MODIS) and Medium Resolution Imaging Spectrometer (MERIS) in
characterizing soil moisture at variable depths within the root zones of corn and soybean.
3.2. Data and Methods
3.2.1 Study Area
This study was conducted at the University of Nebraska Agricultural Research
and Development Center (ARDC), located approximately 6 km south of Mead, Nebraska,
USA (Figure 3.1a). The site includes a rainfed field (41°10'46.8˝ N, 96°26'22.7˝ W)
covering an area of 65.4 ha with a yearly crop rotation pattern of corn (Zea mays) and
soybeans (Glycine max). The research was undertaken using data acquired during the
2003, 2005, and 2007 growing seasons when the field was under corn cover and the
2002, 2006, and 2008 growing seasons when the field was planted with soybean. This
area experiences a humid continental climate with warm summer months. The mean
monthly precipitation during the past 30 year period (between 1981 and 2010) ranged
from 14 mm in January to 106 mm in June (Figure 3.1b). Approximately 40% of the total
annual precipitation is received during the months of April through June, crucial for soil
moisture recharge and subsequent crop growth. The maximum monthly temperatures
during the same period ranged between 1°C in January and 31°C in July. The soil types
in the field are deep silty clay loams, typical of eastern Nebraska, and consist of four soil
series including Yutan, Tomek, Filbert, and Filmore (Suyker and Verma, 2009).
3.2.2 Soil Moisture Data
Volumetric soil water content (hereafter referred to as soil moisture) was
measured hourly at four Intensive Management Zones (i.e., IMZ-1, IMZ-2, IMZ-3, and
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IMZ-5) within the field using Vitel (2002-03) and Theta probes (2005-08). These sensors
comprise part of the automated weather data network (AWDN) operated by the High
Plains Regional Climate Center (HPRCC) as implemented across parts of the U.S. Great
Plains. The soil moisture sensors were installed at four depths: 10 cm; 25 cm; 50 cm; and
100 cm. Hourly soil moisture values were averaged to generate daily values for each of
the four depths. Rigorous quality control tests have been conducted based on the
properties of soil water, soil characteristics, and precipitation measurements to determine
the accuracy of the daily soil moisture data (Hunt et al., 2009). After examining the data
quality, we determined that IMZ-5 had the fewest soil moisture observations categorized
as “bad data”. For this reason, we used the soil moisture values measured at IMZ-5 for
analysis. Soil types at this site at four depths were silty clay loam and fairly
representative of the whole field.
3.2.3 Crop Spectral Reflectance Measurements
Close-range reflectance spectra were acquired over crop canopies using a
motorized, all-terrain sensor platform (Rundquist et al., 2004). The platform has a ground
clearance of 1.91 m and a width of 2.59 m. The wheels are positioned for movement
through crops with 76.2 cm spaced rows. The sensors were deployed on a metal frame at
the end of a 12 m long hydraulic boom attached to the platform. The boom can be rotated
through 360° around the platform to collect above canopy data from the nadir position
(Figure 3.2a).
A dual-fiber system, with two inter-calibrated Ocean Optics USB2000
radiometers attached to the sensor platform, was used to collect high spectral resolution
reflectance data for the corn and soybean canopies. Both radiometers record spectral data
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from 400 to 900 nanometers (nm) with an average wavelength spacing of about 1.5 nm.
The first radiometer, with a 25° field-of-view, was pointed vertically downward to
measure the upwelling radiance of the crop canopies. This field-of-view resulted in a
sampling area with a diameter of around 2.4 m at the top of the canopy. The second
radiometer, with a hemispherical field-of-view, was pointed upward to simultaneously
measure incident irradiance (Gitelson et al., 2003). The two radiometers were positioned
at approximately 6 m above the top of the canopies to measure the spectral reflectance of
the respective crops. Calibration of the spectroradiometers was performed by measuring
the total upwelling radiance of a white Spectralon reflectance standard (Labsphere, Inc.,
North Sutton, NH) simultaneously with incident irradiance. The radiometers were
positioned at about 6 m above the top of the corn and soybean canopies, and the distance
between the sensor and canopy was kept constant for all measurements across the
growing season. Percent reflectance (ρλ) was calculated as:

ρλ = (Lλcrop/Eλinc) × ( Eλcal/ Lλcal) × 100 × ρλcal

(3.1)

where, Lλcrop is upwelling radiance of corn and soybean canopies, Eλinc is incident
irradiance on the top of the canopies, Eλcal is incident irradiance and Lλcal is upwelling
radiance of the white Spectralon reflectance standard during the time of calibration, and
ρλcal is the reflectance of the Spectralon panel linearly interpolated to match the band
centers of each radiometer (Rundquist et al., 2004).
A digital camera (Kodak DC-40) was mounted on the boom adjacent to the
radiometers to acquire above-canopy true color images from the view of the
spectroradiometer. A digital image was acquired concurrently for each of the reflectance
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measurements. The reflectance measurements were taken at approximately one-week
intervals from mid-May through the beginning of October each year to capture
vegetative, reproductive, and senescence stages of crop development. A true color image
of the field-of-view and the associated reflectance profile of a single scan made at a
particular location within the field are shown in Figures 3.2b and 3.2c, respectively. On
each measurement day, six sample locations were randomly selected within the field, and
canopy reflectance measurements were made. The data were averaged to generate a
single reflectance value, per wavelength, per field. This study is based upon a total of 76
field data collection campaigns (40 for corn and 36 for soybean) conducted in the ‘core’
growing season (between mid-June through mid-September) during the years 2002-2003
and 2005-2008.
3.2.4 Spectral Vegetation Indices
Hyperspectral reflectance data from the top of the crop canopies were transformed
to four VIs including NDVI (Rouse et al., 1974), EVI2 (Jiang et al., 2009), WDRVI
(Gitelson, 2004), and CIRed-edge (Gitelson et al., 2005) in order to compare their
correlations with the root zone soil moisture. NDVI, EVI2, and WDRVI indices were
computed by simulating the spectral channels of the MODIS system, on board NASA’s
Terra and Aqua satellites. These MODIS-simulated indices were calculated using the
following equations:
NDVI = (RNIR − Rred) / (RNIR + Rred)

(3.2)

EVI2 = 2.5 × (RNIR − Rred) / (RNIR + 2.4 × Rred)

(3.3)

WDRVI = (α × RNIR − Rred) / (α × RNIR + Rred), with α = 0.2

(3.4)
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Where RNIR and RRed are the reflectance values corresponding to MODIS NIR
(841-876 nm) and Red (620-670 nm) spectral channels, respectively.
Formulation of the CIRed-edge requires reflectances in the red edge and NIR
channels, both of which are available via the MERIS system (onboard the polar orbiting
Envisat Earth Observation Satellite). Therefore, CIRed-edge was calculated using the
following equation:
CIRed-edge = (RNIR / RRed-edge) – 1

(3.5)

where RNIR is the reflectance between 750-757.5 nm and RRed-edge is the
reflectance between 703.75-713.75 nm.
In order to transform the close-range hyperspectral reflectance data to VIs as
would be associated with other sensors, the reflectance values were averaged to the band
passes of MODIS or MERIS sensors and used those values for computing the indices.
For example, the mean reflectance value (for about 37 individual bands) between the
wavelengths of 620 and 670 nm was calculated to determine the MODIS simulated red
band reflectance. Similarly, MODIS simulated NIR reflectance was calculated by
averaging the reflectance values (for about 28 bands) between the wavelengths of 841
and 876 nm. The simulated MODIS red and NIR values were then used to compute
NDVI. The spatial resolution of MODIS red and NIR channels are 250m, while the pixel
size of MERIS NIR and Red-edge full resolution (FR) product is about 260m × 290m.
Considering the size of the study site, approximately 9 MODIS and 6 MERIS pixels can
be located completely within the field. Since the field is planted to a homogenous monocrop in a given growing season, we assume that the potential differences arising from the
differences in the spatial resolutions are negligible when comparing the correlations of
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MODIS and MERIS simulated VIs with measured soil moisture. In an earlier work,
Gitelson et al. (2007) reported close relationships between the 250 m MODIS- and closerange reflectance-derived VI data (NDVI and WDRVI) at the same study site.
3.2.5 Correlation Analyses
Relationships between root zone soil moisture at four different depths and corn
and soybean VIs were evaluated using the Pearson Product Moment Correlation (Korin
1975). VI observations were correlated with the concurrent (same day) soil moisture
values. In order to evaluate the effect of antecedent soil moisture on the canopy
reflectance signals, soil moisture lags up to 60 days at 5-day increments were also
correlated with VIs. Lagged soil moisture values for different time lags were computed
from the daily time series soil moisture data. For example, soil moisture of the 5-day lag
period was computed by averaging the concurrent soil moisture (day of spectral
measurement) and that of four previous days. The statistical significance of the
relationships was tested using the probability (P) values of 0.05 and 0.01.
3.3. Results and Discussion
3.3.1 Growing Season Time Series Soil Moisture and VIs Profiles
Daily time series soil moisture profiles at four depths in the soil profile for the
year 2005 are presented in Figure 3.3a to illustrate the temporal trends of soil moisture at
the study site. Soil moisture at the shallower depths (10 and 25 cm) exhibited high
frequency variations compared to those at the deeper depths (50 and 100 cm). Prior to the
beginning of the growing season and early in the growing season (March-May), soil
moisture content in the 50- and 100-cm depths remained constant. During that period, the
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data for the shallower depths indicate variations due to snowmelt, precipitation, and
direct evaporation from the soil as well as transpiration from the emerging plants
(especially in late spring). In early June, the soil moisture content at the shallower depths
progressively declined as the roots of the plants started extracting water. A similar trend
was shown at the 50 cm depth beginning in early July as the roots penetrated deeper into
the soil profile for water extraction. The 7-year (2002-2008), average seasonal soil
moisture profile (Figure 3.3b) indicated a gradual decline from early June at 10- and 25cm depths and from early and mid-July at 50- and 100-cm depths, respectively.
The growing season variations in the corn (2003) and soybeans (2002) scaled VIs
are shown in Figure 3.4. The ranges of the four VI values across a given growing season
were different. For example, corn NDVI values during the 2003 growing season ranged
between 0.25 and 0.89, while corn CIRed-edge values during the same growing season
ranged between 0.11 and 3.63. Therefore, to visually compare the changes in VIs across
the growing season we scaled the index values between 0 and 1 (as shown in figure 3.4).
During the vegetative stage of corn, the scaled VIs showed increasing trends and reached
maximal values on DOY 202 (Figure 3.4a). The rate of increase in scaled NDVI (0.57
units) was maximum compared to the rate of increase in rest of the VIs, between DOYs
160 and 174. In the reproductive and senescence stages of corn, CIRed-edge showed a
sharper decline than the rest of the VIs. Soybean VIs showed increasing trends (except
for DOY 196) and reached maximal values on DOY 217 (Figure 3.4b). Soybean CIRed-edge
values decreased rapidly during the reproductive and senescence stages compared to
NDVI and WDRVI values. Among the four soybean VIs, EVI2 showed largest variations
during the growing season, especially between DOYs 221 and 239. Similar temporal
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patterns of corn and soybeans VIs were observed for other four year growing season data
analysed in this study.
3.3.2 Correlation between Soil Moisture and VIs
Figure 3.5 illustrates the relationships between corn VIs and soil moisture at all
four depths. Results show that the relationships of VIs with concurrent soil moisture
(shown as time lag = 0) at 10-, 25-, and 50-cm were not statistically significant. The
correlations of CIRed-edge (r = 0.57), NDVI (r = 0.52), WDRVI (r = 0.49), and EVI2 (r =
0.38) with concurrent soil moisture at 100 cm depth were highly significant (P < 0.01).
Correlations of soybean VIs and soil moisture revealed that WDRVI (P < 0.01), NDVI (P
< 0.05), and CIRed-edge (P < 0.05) exhibited significant relationships with soil moisture at
10 cm depth, while the relationships of the VIs with concurrent soil moisture at deeper
depths were not statistically significant (Figure 3.5).
Previous studies have documented that, under rainfed farming systems in the U.S.
Corn Belt, the amount of soil water present at the beginning of the growing season and
during the early stages of crop cycles has a considerable impact on the overall vigour and
productivity of crops during the later stages of the crop cycle (e.g. Grassini et al., 2010)
and hence higher VIs. During the months of July and August, the amount of soil moisture
in the soil profiles reduces because of the high plant transpiration rates (Figure 3.3b).
Conversely, this period of the growing season is associated with pronounced greenness of
the crops and hence maximal values of VIs. Based on these conditions; it was
hypothesized that the relationship of VIs and soil moisture would be stronger if any
inherent time delays (time lags) that plants require to respond to soil moisture changes
were considered. We tested the hypothesis by correlating the VIs with the averaged soil
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moisture values using lag periods up to 60 days. The results show that correlations of
corn VIs at all four depths improved with increasing time lags (Figure 3.5). At 10- and
25-cm depths, corn EVI2 had a significant correlation (P < 0.05) with 45- and 50-day
lagged soil moisture, respectively. At the intermediate depth of 50 cm, corn CIRed-edge was
significantly related to 10-day lagged soil moisture (P < 0.05) and the relationship was
highly significant for lag periods of 35 days or longer (P < 0.01). The relationships of
corn NDVI and WDRVI with soil moisture at the 50 cm depth was significant from 30and 40-day lag periods, respectively. This suggests that NDVI and WDRVI require a
longer time lag to respond changes in soil moisture at the 50 cm depth compared to the
CIRed-edge. At 100 cm, peak correlations between corn VIs and soil moisture were
primarily observed over a 45-day lag period (NDVI r = 0.7; CIRed-edge r = 0.66; WDRVI r
= 0.63; EVI r = 0.54) and then showed a decreasing trend. This finding agrees with
Adegoke and Carleton (2002), who reported maximum correlations between AVHRRderived crop NDVI and 100 cm depth soil moisture on an 8-week lag period. Among the
four corn VIs, the CIRed-edge had the strongest correlations with the 100 cm depth soil
moisture up to 20-day lag periods. Beyond 20 days, NDVI exhibited the strongest
correlations with soil moisture. These findings suggest that CIRed-edge can provide the most
accurate estimates of soil moisture, among the indices tested, for concurrent, as well as
shorter lag periods (20 days) under corn cover.
In contrast to corn correlations, the correlation of soybean VIs including NDVI,
WDRVI, and CIRed-edge peaked at the 5-day lag period (P < 0.01) for the 10 cm depth and
then followed a decreasing trend with increasing time lags (Figure 3.6). At the 25 cm
depth, both NDVI and WDRVI had statistically significant relationships with soil
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moisture at 5- and 10-day lags, and the correlations were strongest on the 5-day lag
period. Relationships of all VIs with deeper depth soil moisture (50- and 100-cm) were
not statistically significant with the exception of CIRed-edge versus 100 cm depth soil
moisture for 50-day or longer lag periods (P < 0.05). These results suggest that even
when grown in the same soil type and climate conditions, VIs for soybeans can respond
to changes in soil moisture more rapidly and can maintain a fairly short soil moisture
memory (i.e., the time-lag up to which antecedent averaged soil moisture exhibited the
strongest correlation with the VIs) compared to corn. Similar to soybean VIs, the highest
correlation of VIs with soil moisture lagged to 5 days at 10-cm depth was reported for
other plant species (e.g. Wang et al., 2007) for a shrub site in semi-arid Arizona.
Results of this study show that the water extraction patterns of corn and soybean
plants within the root zones are clearly distinct. VIs derived from the corn canopies
exhibited strong relationships with soil moisture at deeper depths (50 and 100 cm).
Conversely, soybeans VIs were highly sensitive to changes in soil moisture at much
shallower depths of 10- and 25-cm. This discrepancy between the crops reflects their
different rooting depths and structure. Corn is a fairly deep rooted plant with roots
extending to a depth of 100 cm and beyond, while the rooting depths of soybean plants
are comparatively shallower (Dwyer et al., 1988). In the U.S. Corn Belt, corn roots can
extend downward to a depth of 120 cm or more (Adegoke and Carleton, 2002; Kranz et
al., 2008). However, variations in the depth and distribution of roots are caused by
differences in climate, soil properties, and management practices such as irrigation and
tillage treatments. Dwyer et al. (1988) monitored the rooting depths of corn and soybeans
plants grown on four different soil types for data over 3-year growing seasons and
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reported that on each soil type, the rooting depths of corn were deeper than those of
soybeans. In clayey-textured soil with a no-till system, Venzke Filho et al. (2004)
reported that the mean root length density of soybean plants was significantly higher in
the top 50 cm of the soil profile, and in the 0-10 cm depth the root length density of
soybean plants was twice higher than that of corn (P < 0.05). Tufekcioglu et al. (1999)
showed that the density of soybean roots was higher (versus corn) in the top 50 cm depth,
and the density of corn root was higher (versus soybean) in 50-100 cm depth in the soil
profile at a riparian buffer site in central Iowa. Such evidence is consistent with the
findings of our study, where soybean canopy VIs respond to the soil moisture in the 10and 25-cm depths while corn canopy VIs respond to soil moisture in deeper depths (100and 50-cm).
We suggest that both CIRed-edge and NDVI perform better than the other two
indices in relating to corn root zone soil moisture. CIRed-edge may provide a better estimate
of corn root zone soil moisture both concurrently and for shorter time lags (20-days)
when compared to NDVI. However, the relation of CIRed-edge to soybean (CIRed-edge peak r
=0.39 at 10 cm depth) root zone soil moisture was found to be lower than that of corn
(CIRed-edge peak r =0.66 at 100 cm depth). This differential sensitivity of CIRed-edge to corn
and soybean root zone soil moisture could be attributed to the distinct leaf angle
distribution (heliotropic in soybean versus hemispherical in corn), leaf structure, and total
canopy Chl content between corn and soybean plants (Gitelson et al., 2005, 2006).
Gitelson et al. (2005), using the data from the 2002 growing season for irrigated corn and
soybean plots located close to our study site, showed that the canopy Chl content of corn
plants was consistently higher than that of soybean throughout the growing season. The
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higher Chl content of the corn canopies could have caused the corn CIRed-edge to be more
sensitive to root zone soil moisture than that of soybean canopies.
3.4. Conclusions
In this study, we explored the potential of three simulated MODIS VIs (NDVI,
WDRVI, and EVI2) and a simulated MERIS VI (CIRed-edge) in characterizing root zone
soil moisture under corn and soybean canopies using spectral data collected at a closerange (6 meters above the top of the canopy) in the U.S. Corn Belt. Time-series VI data
for six growing seasons were correlated with concurrent as well as antecedent soil
moisture (up to 60 days) at four different depths (10, 25, 50, and 100 cm) in the soil
profile.
The corn VIs were found to be significantly related to the concurrent soil moisture
at the 100-cm depth. Among the VIs analyzed in this study, CIRed-edge showed strongest
correlation with the soil moisture at this depth. Relationships of corn VIs with soil
moisture improved when the time lag that the plants require to respond to changes in soil
moisture were taken into consideration. At 50-cm depth, CIRed-edge showed a statistically
significant correlation with 10-day lagged soil moisture, and the r values increased with
increasing time lags. Maximum correlations of corn VIs, including CIRed-edge and NDVI
with the 45-day lagged soil moisture at 100-cm depth, indicated that corn VIs integrated
the antecedent soil moisture conditions up to 45 days in their spectral signals.
Correlations of soybean VIs with soil moisture showed that WDRVI and NDVI
were significantly related to concurrent soil moisture at 10- and 25-cm depths and may
serve as better proxies for characterizing soil moisture at these depths than CIRed-edge and
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EVI2. Correlations of soybean WDRVI and NDVI were highest with 5-day lagged soil
moisture at 10- and 25-cm depths. These findings suggest that unlike corn, soybean VIs
are highly sensitive to soil moisture at shallow depths in the soil profile and responsive to
antecedent soil moisture conditions during the past 5 day period.
The results presented in this study should lead to a more accurate characterization
of root zone soil moisture, which influences crop conditions and may contribute to
vegetation stress assessment efforts in support of drought investigations. The
relationships between soil moisture and VIs shown in this study can form the basis to
build models for estimating root zone soil moisture in corn and soybean croplands in the
U.S. Corn Belt where in situ soil moisture observation sites are sparse. Although
MODIS-based 8-day and 16-day composited products have been used for estimating root
zone soil moisture under crop, grass and shrub cover types (Wang et al., 2007; Gu et al.,
2008; Schnur et al., 2010), the potential relationships of a daily surface reflectance
product (MOD09GQ) and MERIS-based Chl related indices with root zone soil moisture
has not been evaluated extensively. This study, performed using the close-range
reflectance data, provides the first phase of the evaluation of such products. However,
further research using the actual MODIS and MERIS products, with longer time-series
data is proposed for continued evaluation of soil moisture and VI relationships in the U.S.
Corn Belt. Future extension of this work by using the actual MODIS and MERIS
products should include a few considerations. Firstly, the soil moisture and VI
relationships established using the close-range reflectance data (as the case in this study)
are expected to be similar when the above mentioned satellite sensor based data products
acquired under clear sky conditions are used. Secondly, different spatial resolutions of
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MODIS and MERIS data products mean that careful selection of pixel window centered
near the middle of the field is necessary to avoid any mixed pixel (a single pixel
containing more than one species) effects on the soil moisture and VI relationships.
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Figure 3.1. Location of study site at the University of Nebraska-Lincoln Agricultural
Research and Development Center (a). The image is a segment of a natural color digital
ortho quarter quad (DOQQ) taken in 2009. Average monthly total precipitation and
maximum air temperature (between 1981 and 2010) as recorded at a nearby weather
station (Source: High Plains Regional Climate Center, University of Nebraska-Lincoln)
(b).
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Figure 3.2. All-terrain sensor platform equipped with a dual-fiber Ocean Optics
USB2000, a true color digital camera, and a global positioning system (a) A true color
image, taken by the digital camera and the associated reflectance profile of a single
Ocean Optics scan, made at a particular location within the field is shown in (b) and (c),
respectively.
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Figure 3.3. Daily time-series soil moisture as measured at the study site during March
through October of 2005 and daily precipitation as recorded at a nearby weather station
(a) and average daily time-series soil moisture from 2002 to 2008 measured at the study
site (b). Soil moisture is the volumetric ratio of liquid water to soil and has no unit.
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Figure 3.4. Temporal variations of scaled [(VI–VImin)/(VImax–VImin)] vegetation indices
(VI) for corn during the growing season of 2003 (a) and for soybean during the growing
season of 2002 (b).
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Figure 3.5. Correlation coefficient (r) between soil moisture (SM) at 10-, 25-, 50-, and
100-cm depths and corn vegetation indices with time lags up to 60-day during the
growing season (mid-June through mid-September). The thresholds for r to reject the null
hypotheses are 0.26 (P = 0.05, N = 40; broken red lines) and 0.36 (P = 0.01, N = 40; solid
red lines).
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Figure 3.6. Correlation coefficient (r) between soil moisture (SM) at 10-, 25-, 50-, and
100-cm depths and soybean vegetation indices with time lags up to 60-day during the
growing season (mid-June through mid-September). The thresholds for r to reject the null
hypotheses are 0.2746 (P = 0.05, N = 36; broken red lines) and 0.381 (P = 0.01, N = 36;
solid red lines).

CHAPTER 4

ASSESSMENT OF VEGETATION RESPONSE TO DROUGHT IN NEBRASKA
USING TERRA-MODIS LAND SURFACE TEMPERATURE AND
NORMALIZED DIFFERENCE VEGETATION INDEX
Abstract
The objective of this chapter is to investigate the changes in the spectral and
thermal properties of cropland and grassland cover types to drought in Nebraska. Eightday composite time-series Land Surface Temperature (LST) and Normalized Difference
Vegetation Index (NDVI) time-series data derived by Terra-Moderate Resolution
Imaging Spectroradiometer (MODIS) were analyzed to identify differences in the
spectral and thermal responses of irrigated and non-irrigated crops and various grassland
types during the growing season (mid-May through September) of a drought year (2002)
and a non-drought year (2007). NDVI is responsive to changes in the amount of green
biomass and chlorophyll in the vegetation canopy, while LST is sensitive to variations in
available soil moisture and evapotranspiration rates contributing to overall vegetation
growth and vigor. A total of 490, 1-km MODIS pixels that included irrigated and nonirrigated corn and soybeans and grassland cover types (sandhills upland prairie, little
bluestem-grama mixedgrass prairie, and western short grass prairie) from three
ecoregions were selected across the state of Nebraska. Statistical analyses revealed that a
majority of the land cover pixels experienced significantly higher daytime and nighttime
LSTs and lower NDVI during the drought year growing season (P < 0.01). Among the
land cover types analyzed, grassland experienced the highest increase in daytime LST
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and decrease in NDVI. The results indicate that LST combined with NDVI can assist in
identifying and monitoring drought stress on crop and grassland cover types across the
Central Great Plains of the U.S.A.
4.1. Introduction
Droughts are complex natural hazards that primarily develop because of the
deficiency of precipitation over an extended period of time. Less than normal
precipitation during the growing season can have profound impacts on the economy and
environment through losses of agricultural production and natural resources (Kogan,
1997; Gu et al., 2007). Timely information about onset, magnitude, and duration of
drought during a crop cycle is critical for mitigating economic and environmental
impacts. Researchers have developed numerous drought indices to quantify the extent
and intensity of drought. Most drought indices involve a single numerical value derived
from a number of climatological or hydrologic variables and are often used in drought
related decision-making processes (Wilhite et al., 2000). Traditional drought monitoring
indices such as the Palmer Drought Severity Index (PDSI) (Palmer, 1965), Standardized
Precipitation Index (SPI) (McKee et al., 1995), Crop Moisture Index (CMI) (Palmer,
1968), and Surface Water Supply Index (SWSI) (Shafer and Dezman, 1982) use pointbased meteorological observations and regional hydrologic records. The accuracy of such
approaches greatly depends on the data quality, location, and density of weather stations
across the landscape (Kogan, 1997) and the use of spatial interpolation techniques
(Mendelsohn et al., 2007).
Satellite-based remote sensing systems provide a spatially contiguous and
temporally repetitive view of the earth surface, essential for monitoring short- and long-
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term vegetation dynamics over large spatial units. During the past several decades,
remotely sensed data have been used in plant biophysical and climate change–related
studies, including drought monitoring (Ji and Peters, 2003; Bayarjargal et al., 2006).
Numerous satellite-derived vegetation indices (VIs) have been designed to monitor
vegetation conditions by quantifying foliage density and canopy properties within the
field of view of the sensor. VIs are useful in the assessment of active photosynthesizing
and transpiring vegetation and thus are related to composite canopy properties such as
leaf area, fraction of vegetation cover, and total chlorophyll content (Glenn et al., 2007).
One of the most extensively used indices, the Normalized Difference Vegetation Index
(NDVI), is based on the normalized difference between the absorption of radiation in red
wavelengths by the chlorophyll pigments and the reflectance in the near infrared (NIR) in
the spongy mesophyll layer within the leaf (Rouse et al., 1974; Tucker, 1979). NDVI
values range from –1 to +1, with high values (closer to one) being associated with a
greater level of photosynthetic activities. Since 1979, NDVI data derived from the
Advanced Very High Resolution Radiometer (AVHRR) and more recently the Moderate
Resolution Imaging Spectroradiometer (MODIS) have been widely used to monitor
terrestrial vegetation health (Goward et al., 1985; Justice et al., 1985; Tucker et al., 1985;
Kogan, 1997; Wang et al., 2001a; Ji and Peters, 2003; Wan et al., 2004); crop type
mapping (Wardlow et al., 2007; Wardlow and Egbert, 2008), and crop phenology
monitoring (Masialeti et al., 2010). The role of AVHRR- and MODIS-based NDVI in
drought monitoring has been investigated extensively for a diversity of ecological
settings. Ji and Peters (2003) found that the NDVI had significant relationships with the
SPI, a precipitation-based drought index, for the croplands and grassland cover types in
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the northern and central U.S. Great Plains. Wang et al. (2001a) found that spatial patterns
of the NDVI exhibited significant relationships with an east-west gradient in precipitation
for the grassland, cropland, and forest cover types in the central U.S. Great Plains.
Several studies have been based on the normalization of time-series NDVI to emphasize
the per-pixel relative changes in the NDVI over a long period of time. For example,
Kogan (1995) computed the Vegetation Condition Index (VCI) on a pixel-by-pixel basis
using average, minimum, and maximum NDVI of each pixel over a temporal composite
period of interest. Relative Greenness (RG) was introduced by Burgan and Hartford
(1993), which assigns a percentage value to the current NDVI observation in relation to
the historical average NDVI for that pixel. Peters et al. (2002) developed the
Standardized Vegetation Index (SVI) by quantifying the per-pixel deviation of the current
NDVI from the “normal,” computed from the historical NDVI data record. A
normalization approach allows for a relative comparison for each given pixel over a
temporal period, reducing the impact of spatial variability in NDVI phenology between
different land cover types and climatic conditions (Karnieli et al., 2010).
Land Surface Temperature (LST) retrieved from remotely sensed thermal data (8
to 14 µm) represents surface skin temperature. LST is strongly influenced by evaporation
and thus provides valuable information about surface soil moisture conditions (Anderson
et al., 2007). Because of direct linkage with net radiation flux, LST is a good indicator of
the energy balance at the earth’s surface (Park et al., 2004; Wan et al., 2004). Remotely
sensed LST has been used in estimating surface soil moisture (Feldhake et al., 1996;
McVicar and Jupp, 1998), evapotranspiration (Granger, 2000; Anderson et al., 2007),
surface vapor pressure deficit (VPD) (Hashimoto et al., 2008), and leaf water potential of
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cotton plants (Cohen et al., 2005). Several indices have been developed by using satellitederived LST observations. For example, Kogan (2001) proposed an AVHRR-based
temperature condition index (TCI) by normalizing the pixel specific brightness
temperature data over a long historical period. Anderson et al. (2007) developed an
evaporative stress index (ESI) by using a model derived from potential and actual
evapotranspiration from remotely sensed LST data.
VIs have often been integrated with LSTs to improve their effectiveness in
detecting, quantifying, and monitoring drought stress on vegetation. While NDVI
provides an assessment of the amount of vegetation present in a pixel, LST provides
information about the surface moisture status. Studies suggest that NDVI has a delayed
response to precipitation or soil moisture deficit, which means that initial deficiency in
soil moisture is not apparent in the NDVI signals (Di et al., 1994; Rundquist and
Harrington, 2000; Wang et al., 2001a). Conversely, the vegetated surface temperature has
greater sensitivity to initial water stress (Goetz, 1997). However, amount of vegetation
present in a pixel is critical for accurate estimation of surface temperature (Sandholt et
al., 2002). The complementary information provided by these visible, near infrared, and
thermal wave bands has been the focus of many vegetation water stress studies. Kogan
(2002) developed the AVHRR-based Vegetation Health Index (VHI) by combining the
Vegetation Condition Index (VCI) and Temperature Condition Index (TCI). The VHI
was successfully applied globally for drought assessment in parts of Asia, Africa, Europe,
and the Americas. McVicar and Bierwirth (2001) used the ratio of AVHRR-derived
NDVI and brightness temperature to assess drought conditions in the cloudy environment
of Papua New Guinea and reported that the ratio remained higher during the drought
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period compared to the non-drought period. Trapezoid (Moran et al., 1994) or triangle
(Price, 1990; Carlson et al., 1994; Sandholt et al., 2002) methods were developed from
the scatter plots of LST and NDVI on a pixel-by-pixel basis to quantitatively extract
information related to surface moisture conditions. Wang et al. (2001b) developed the
Vegetation Temperature Condition Index (VTCI) using AVHRR-derived LST and NDVI
scatter plots to identify spatial distribution of drought in Northwest China. Subsequently,
Wan et al. (2004) applied VTCI derived from Terra-MODIS LST and NDVI for
monitoring drought stress across the Great Plains of the United States.
Previous studies that investigated vegetation response to drought or climatic
variables such as precipitation and temperature in the Great Plains of the United States
and other parts of the world focused on broad spatial scales (e.g., the climate division
level; Ji and Peters, 2003) or general land cover types (e.g., cropland, grassland, and
forest cover types; Wang et al., 2001a; croplands and grasslands, Wan et al., 2004). Most
of these studies used AVHRR-derived long-term brightness temperature or NDVI
observations with an assumption that no changes in land cover/crop types or management
practices (irrigated/non-irrigated) occurred during that temporal period (Kogan, 2001; Ji
and Peters, 2003, Wang et al., 2001a).
In this study, we conducted an in-depth analysis of the responses of irrigated and
non-irrigated corn and soybeans and three grassland cover types (sandhills upland prairie,
little bluestem-grama mixed grass prairie, and western shortgrass prairie) to drought
stress in Nebraska. The eight-day composite NDVI and thermal signals were extracted for
the pixels representing the aforementioned land cover types during the growing seasons
(mid-May through September) of a drought (2002) and a non-drought (2007) year.
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Cumulative LST and NDVI values were computed and compared for both years.
Specifically, this research addressed the following two research questions pertaining to
drought stress on vegetation. Are there any differences in the daytime and nighttime LST
and NDVI of irrigated and non-irrigated croplands and grasslands between the drought
and non-drought years? Are croplands and grasslands distinct in their response to drought
stress?
4.2. Study Area
The state of Nebraska in the United States covers an area of about 200 thousand
km2. It is situated approximately between 95°25’ W and 104° W Longitudes and between
40° N and 43° N Latitudes and constitutes a part of the Central Great Plains region of
North America. The physiography is characterized by minor topographic variations, with
gentle, undulating landscapes. Being landlocked, the state experiences a temperate
continental climate with sharp seasonal variations in temperature and precipitation. The
average annual precipitation shows a strong east-west gradient with an increasing trend
from northwest (330 mm) to southeast (889 mm) (HPRCC, 2010). Average annual
maximum air temperatures range between 29° C and 34° C; maximum air temperatures
above 32° C are primarily experienced in the southern parts of the state and in some
isolated pockets in the Panhandle region (GDG, 2010). Nebraska is divided into eight
climate divisions (CDs) defined by National Climatic Data Center (NCDC), which
represent relatively homogenous climatic regions based on uniformity in temperature and
precipitation regime (Figure 4.1) (Guttman and Quayle, 1996).
Nebraska has an agriculture- and rangeland-based economy, with a landscape
dominated by a mosaic of grassland and cropland. Grasslands constitute about 54% (10.9
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million ha) of the state’s land cover and range from tall grass in the east to mixed and
short grass toward the west (Henebry et al., 2008). Precipitation is the primary driving
factor for the east-west distribution of these grassland cover types. Mean annual
precipitation ranges from 762 to 1016 mm from the eastern side of the tallgrass prairie to
305 to 508 mm in the shortgrass prairie, with a major proportion of precipitation falling
in the growing season between April and October (Tunnell, 2004). Tall grasses in eastern
Nebraska include big bluestem (Andropogon gerardii), little bluestem (Schizachyrium
scoparium), Indiangrass (Sorghastrum nutans), and switchgrass (Panicum virgatum),
whereas the shortgrass prairie in the western Nebraska is composed of blue grama
(Bouteloua gracilis) and buffalograss (Bouteloua dactyloides).
Croplands constitute approximately 39% (7.9 million ha) of the state’s total area
and are primarily located in the southern, southwestern, and eastern one-half of the state
(Henebry et al., 2008). Corn (Zea mays) and soybeans (Glycine max) are the major crops
grown in the state, and the other minor crops include winter wheat (Triticum aestivum),
sorghum (Sorghum bicolor), and alfalfa (Medicago sativa). Over the past decade,
Nebraska has consistently remained among the top five states in corn production and
among the top ten states in soybean production (USDA, 2002). Specific cropping pattern
and management practices are strongly influenced by the amount of precipitation
received during the major crop growing season and vary widely across the state. Because
of a favorable precipitation regime, non-irrigated corn and soybeans thrive in the eastern
part of the state. In contrast, the majority of crops in the much drier western and central
Nebraska are irrigated from both surface and ground water sources. In this part of the
state, center pivot irrigation is the primary delivery system being used, accounting for
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approximately two-thirds of the state’s total irrigated land base (Johnson, 2001).
Irrigation water is primarily pumped from the Ogallala Formation of the High Plains
Aquifer. Extensive use of irrigated water for crop production led to the declining water
table of the aquifer over the years, making less water available for farmers, especially
during drought periods.
4.3. Materials and Methods
4.3.1 Selection of Temporal Study Periods
In this study, the 2002 and 2007 growing seasons (mid-May through September)
were selected to represent the drought year and the non-drought year, respectively.
Selection of drought and non-drought years was primarily based on the weekly U.S.
Drought Monitor (USDM) maps [http://drought.unl.edu/DM/MONITOR.html], which
display the magnitude and spatial extent of drought with associated impacts on
agriculture and hydrology across the United States (Svoboda et al., 2002) and weekly
CMI maps (USDA, 2007b). In 2002, the USDM maps indicated that in the early phase of
the growing season (June 11, 2002), extreme drought conditions were experienced in the
Panhandle region of Nebraska. Moderate to severe drought conditions were shown
toward the east, with about one-half the total area of the state under moderate to extreme
drought categories. The subsequent series of weekly USDM maps indicated that the
drought conditions continued to geographically expand and intensify as the growing
season progressed. By July 30, 2002, the USDM map showed that the entire state was
under moderate to exceptional drought, with approximately 98% of Nebraska’s total area
under extreme, exceptional, and severe categories of drought (Figure 4.2a). In contrast,
on June 12, 2007, about 14% of the state (in the Panhandle CD) was under moderate to
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severe drought conditions. By July 31, 2007, the USDM map showed approximately 9%
of the total area of the state, which was confined to the northern Panhandle CD, to be
under severe drought (Figure 4.2b).
The CMI maps were computed based on the mean temperature and total
precipitation for each week within a CD together with the CMI value from the previous
week. The CMI is an indicator of short-term moisture conditions in the plant root zone
necessary for crop growth (Hayes, 2003). In 2002, the weekly CMI values indicated
moisture deficiency in the topsoil to extreme dry conditions throughout the growing
season for all CDs across Nebraska. Conversely, during 2007 all the CDs with the
exception of the Panhandle experienced CMI values indicative of adequate to above
normal moisture conditions throughout the growing season (Figure 4.3) (USDA, 2007b).
4.3.2 Remote Sensing Data
Terra-MODIS eight-day composite LST (MOD11A2, collection 5) and surface
reflectance (MOD09Q1, collection 5) products spanning the 2002 and 2007 growing
season periods (May 15 through September 28) covering Nebraska (tile h10v04) were
used in this study. These data sets were acquired from the United States Geological
Survey (USGS) Center for Earth Resources Observation and Science (EROS), Sioux
Falls, South Dakota. The calibration, atmospheric correction for the effect of gaseous
absorption, molecules, and aerosol scattering, coupling between atmospheric and surface
bi-directional reflectance function (BRDF) and adjacency effect (Vermote et al., 2002)
and comparatively high sub-pixel geolocational accuracy (∼50 m (1σ) at nadir) (Wolfe et
al., 2002) of MODIS data allow regular monitoring of vegetation dynamics over large
areas. The eight-day time period provides dense temporal coverage to monitor
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phenological changes in sufficient detail, eliminating short-term (daily) fluctuations and
representing a period that allows plants to acclimatize to the surrounding surface air
temperature and root-zone soil moisture conditions. The other advantages include
relatively low data volume compared to the daily observations and reduced cloud
contamination due to the temporal compositing technique that was used.
MOD11A2 is an eight-day composite, 1-km spatial resolution LST product
comprising two bands representing day and night LST observations. The Terra-MODIS
day local overpass time is between 1000 and 1100 h while the night overpass time is
between 2200 and 2300 h. The eight-day composite LST was produced by using the
average values of clear-sky LSTs during the corresponding eight-day period (Wan et al.,
2002). A total of 72 images (36 daytime and 36 nighttime LST images) covering the
growing seasons of 2002 and 2007 were re-projected from the Sinusoidal to Lambert
Azimuthal Equal-Area (LAEA) and sequentially stacked to generate time-series 18-date
time-series LST data for each year.
The surface reflectance product (MOD09Q1) contains red and near infrared
reflectance data with a spatial resolution of 250 m. Each pixel contains the best possible
reflectance value during an eight-day period based on high observation coverage, low
view angle, the absence of clouds or cloud shadow, and aerosol loading (Vermote and
Kotchenova, 2008). The data sets were re-projected from the Sinusoidal to LAEA and
resampled to 1 km to match the spatial resolution of the MODIS LST images. For each
eight-day time period, NDVI images were created using the following equation:
NDVI = (ρNIR – ρRed) / (ρNIR + ρRed)

(4.1)
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where ρNIR (841–876 nm) and ρRed (620–670 nm) are the surface reflectance
values received by the Terra-MODIS sensor.
A total of 36 NDVI images over the 2002 and 2007 growing seasons were sequentially
stacked to produce an 18-date time-series data set for each growing season.
4.3.3 Selection of Land Cover Pixels
Cropland Data Layer (CDL) maps for Nebraska prepared by the USDA National
Agricultural Statistics Service (NASS) for the 2002 and 2007 study years were used to
locate land cover pixels representing cropland and grassland. The 2002 CDL was
produced by using multi-date, multi-spectral Thematic Mapper (TM) and Enhanced
Thematic Mapper (ETM+) instruments on Landsat 5 and 7, respectively, that have a
ground resolution of 30 m. The 2007 CDL map was prepared by using multi-date, multispectral Advanced Wide Field Sensor (AWiFS) imagery with a ground resolution of 56 m
(USDA, 2007a). In order to relate these data sets to 1-km MODIS data, a shape file
comprising 1 km2 polygons was created in GIS, where each 1-km polygon corresponded
to one pixel in LST and NDVI (resampled to 1 km) images. The polygon layer was then
superimposed on the CDL layers and the area of each crop/cover type for both study
years within every 1-km cell was tabulated and the percentage of each crop/cover type
within each polygon was calculated.
4.3.3.1 Cropland Pixels
In all, 335 cropland pixels (303 corn and 32 soybeans) with more than 85% of the
pixel area devoted to the same crop type during both years were selected. The threshold
of 85% was chosen for identification of relatively homogenous pixels that would
minimize the effect of other targets present in the pixel from the crop reflectance and
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thermal signals. Selection of pixels that had the same crop type during both years was
based on the rationale that the multi-temporal spectral and thermal signatures of the same
crop would follow a similar seasonal pattern because of their similar planting dates,
canopy structure and architecture, and other biophysical properties such as leaf area index
(LAI). Any divergence between the two growing seasons might be attributed to droughtrelated stress. A 30-m spatial resolution land use map of Nebraska, prepared by the
Center for Advanced Land Management Information Technologies (CALMIT), was used
for further classifying the selected cropland pixels into irrigated and non-irrigated classes
(Dappen et al., 2007). The fraction of irrigated and non-irrigated land within each of the
selected cropland pixels was calculated. An individual pixel was designated as irrigated
(or non-irrigated) if more than 85% of the 1-km area was classified as irrigated (or nonirrigated). Among the total cropland pixels, 18 (12 corn and 6 soybeans) were classified
as non-irrigated and 144 pixels (138 corn and 6 soybeans) were classified as irrigated.
The cropland pixels that were below the threshold (85% irrigated/non-irrigated) were
discarded. Figure 4.4 presents the location of these pixels in various CDs of Nebraska.
Spatial distribution of irrigated cropland pixels indicates that irrigated cropland is
primarily located in the East-Central, Central, and Northeast CDs, and non-irrigated
cropland pixels were mostly confined to the Northeast and East-Central CDs. From the
CDL image maps of Nebraska for both years it can be observed that the individual field
sizes of non-irrigated croplands located in central and western parts of the state are
generally smaller than those of 1 km pixel size areas. A single 1-km MODIS pixel can
encompass six or more individual farms, and the possibility of the same crop being grown
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in all these fields in both the studied years is remote. Smaller sample sizes for nonirrigated corn and soybeans were chosen for this reason.

4.3.3.2 Grassland Pixels
In comparison to cropland, anthropogenic influence on grassland is minimal and
the grassland species are less susceptible to change from year to year in a given region.
Tabulation of the grassland area within each 1 km grid (method described in the first
paragraph of this section) indicates that approximately 4,679 pixels contained more than
95% grassland cover type during both study years. A higher threshold was adopted for
grassland pixels compared to corn, as relatively continuous expanses of grassland in
Nebraska provided the possibility of finding more homogenous pixels. In the NASS CDL
data layer, all the grassland cover types are identified as one thematic class:
“Pasture/Range/CRP/Non Ag.” In order to identify the dominant grassland cover type, a
Gap Analysis Program (GAP) land cover image map of Nebraska was used (Henebry et
al., 2008). Area and fraction of each grassland cover type within the selected 4,679
grassland pixels were calculated using the same method described earlier in this section.
A threshold of 95% was again used to classify those grassland pixels (n = 4,679) into
various grassland cover types as depicted in the GAP land cover image map, and the
pixels that did not meet the threshold were discarded. Among those qualified pixels, 328
were randomly selected to represent sandhills upland prairie (hereafter sandhills upland;
160 pixels), little bluestem grama mixed-grass prairie (hereafter little bluestem; 71
pixels), and western shortgrass prairie (hereafter western shortgrass; 97 pixels) land cover
categories. The dominant grassland species in the sandhills upland cover type are sand
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bluestem and prairie sandreed. The little bluestem cover type is primarily composed of
grass species such as little bluestem and sideoats grama. The prominent grass species in
the western short grass cover type is blue grama. All these species are native perennial
warm-season grasses that grow rapidly in late spring and remain green through the hot
summer until the first killing frost, and the flowering seasons extend from July through
September (Stubbendieck and Kottas, 2005).
4.3.4 Extraction of Time-Series Data
The selected crop and grassland pixels were geolocated on the MODIS imagery
and the time-series daytime LST, nighttime LST, and NDVI data for the 2002 and 2007
growing seasons were extracted. The LST and NDVI values were sequentially integrated
from the beginning of the growing season (day of year [DOY] 137) to the end (DOY 273)
to obtain the cumulative LST and NDVI values for each eight-day composite period.
4.3.5 Data Analysis
4.3.5.1 Matched-Pair t-tests
Matched-pair t-tests (Dowdy et al., 2004) were performed to quantitatively
compare the drought and non-drought cumulative time-series LST and NDVI
observations for each land cover pixel. During a drought year, less than normal
precipitation over the growing season leads to less water being available for the plants to
use. In order to reduce the loss of water through evapotranspiration, stomatal pores in
most plants close down partially or fully. This physiological change in the plants reduces
the partitioning of the incident net radiation into latent heat flux and increases the
sensible heat flux, which elevates the surface temperature of the vegetation. Based on this
principle, we hypothesize that during the drought year the Terra-MODIS–derived
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cumulative daytime and nighttime LST for the selected land cover types will be
significantly higher than their corresponding non–drought year observations. Because the
drought period is associated with less vegetation growth, we hypothesize that the
cumulative NDVI observations of these cover types during the drought year will be
significantly lower than the corresponding non-drought observations. Specifically, the
following three alternative hypotheses were tested for each of the 490 land cover pixels
and the p-values of 0.05 and 0.01 were used to reject the null hypotheses.
H1: Terra-MODIS–derived cumulative daytime LST observations during the
drought year (2002) were higher than those of the non-drought year (2007).
H2: Terra-MODIS–derived cumulative nighttime LST observations during the
drought year (2002) were higher than those of the non-drought year (2007).
H3: Terra-MODIS–derived cumulative NDVI observations during the drought
year (2002) were lower than those of the non-drought year (2007).
The test statistic was computed as:

t=

yd − µd 0
Sd / n

(4.2)

where d is the difference between the pairs, yd is the mean of the paired
differences, µd0 is the hypothesized difference between means which is zero, n is the
number of pairs of data, and Sd is the standard deviation of the difference for paired
sample data.
4.3.5.2 Correlation and Bivariate Linear Regression Analysis
To analyze the magnitude of drought-induced changes in cumulative LST and
NDVI for the selected land cover types, four clusters of land cover pixels located in
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different parts of Nebraska were selected (Figure 4.4). These clusters represented
sandhills upland (number of pixels n = 55), little bluestem (n = 29), irrigated corn (n =
61), and non-irrigated corn (n = 6). Western shortgrass cover types located in
northwestern Nebraska were excluded from this analysis because USDM maps (Figure
4.2) and CD-based CMI data (Figure 4.3) indicated dry conditions in this part of the state
during the growing season of 2007. Our pixel based t-test analyses of LST and NDVI
also indicated similar spatial patterns (see the results and discussion section). Because of
smaller sample sizes and wide-area distribution, irrigated and non-irrigated soybeans
cover types were not included in this analysis. The land cover–specific mean cumulative
LST (MCL) and NDVI (MCN) for each eight-day composite period during the 2002 and
2007 growing seasons were computed by averaging the respective cumulative LST and
NDVI values obtained for all the pixels within the land cover cluster. MCLs and MCNs
obtained during 2007 were subtracted from those of 2002 to derive the MCL and MCN
differences. The Pearson Product Moment Correlation (Korin, 1975) and bivariate least
square regression model (Dowdy et al., 2004) were used to analyze the relationship
between the MCL and MCN for the four land cover types.
4.4. Results and Discussion
4.4.1 Time-series LST and NDVI Profiles
Time-series LST and NDVI observations of irrigated croplands, non-irrigated
croplands, and grassland pixels were plotted to analyze their temporal dynamics across
the growing seasons of the drought and non-drought years. Figure 4.5 presents the
temporal profiles of three pixels, representing irrigated corn (Central CD), non-irrigated
corn (Northeast CD), and little bluestem (Southwest CD) cover types. Although the
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example is limited to one pixel (for each cover type), the temporal behavior of LST and
NDVI exhibited by these pixels across both growing seasons was fairly representative for
other pixels of the same cover type.
LST and NDVI profiles of irrigated corn (Figure 4.5a) indicated that during the
early growing season between DOYs 136 and 168, the daytime LSTs for the drought year
were higher than those of non-drought year (except for DOY 136). The nearest weather
station located within 8 km indicated that a total of 49 mm of precipitation was received
during the preceding 15-day period of DOY 136 in the drought year compared to 57 mm
received during the same period in the non-drought year. The observed higher LST on
DOY 136 for the non-drought year could be attributed to the differences in the timing and
amount of irrigation water applied during both years. NDVI during this period showed an
increasing trend from 0.24 to 0.84 during the non-drought year and from 0.24 to 0.6
during the drought year, indicating the green-up and canopy development phase of crop
cycle. Except for DOY 152, NDVI observations during the non-drought year were higher
than those of drought year. DOY 176 through 224 represent the vegetative and
reproductive stages of the corn plant growth cycle. During this period the daytime LST
observations in the drought year were primarily higher than those of non-drought year.
The observed higher LSTs could be the result of limited water availability and
consequent reduced transpiration rates (Nemani et al., 1993; McVicar and Jupp, 1998).
During this period the nighttime LST values did not exhibit any trend. NDVI values
during this period ranged between 0.66 and 0.83 in the drought year and between 0.87
and 0.91 in the non-drought year. From DOY 232 to 272 (i.e., the maturation and
subsequent senescence stage of corn) both daytime and nighttime LST values during the
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non-drought year were primarily higher than those of the drought year. The NDVI values
during this period showed decreasing trends, and lower NDVI values were experienced
during the drought year compared to the non-drought year.
LST and NDVI profile of non-irrigated corn (Figure 4.5b) indicated that during
the green-up stage between DOY 136 and 168, the daytime LSTs during the drought year
were primarily higher than those of the non-drought year. NDVI values increased
consistently from 0.23 to 0.59 during the non-drought year and from 0.23 to 0.57 during
the drought year. Between DOYs 176 and 224, both daytime and nighttime LST
observations were primarily higher and the NDVI values lower during the drought year
than their corresponding non-drought observations. During this period, the daytime LST
observations in the drought year were up to 7.4° C warmer (DOY 176) and nighttime
LST values were up to 5.2° C (DOY 208) warmer than the corresponding non-drought
observations.
Time-series daytime LST of little bluestem grassland cover type during the
drought year shows a gradual increasing trend from 29° C (DOY 136) to 49° C (DOY
208) and then a decreasing trend up to 28° C (DOY 264) (Figure 4.5c). During June and
July (DOY 152 through 208), which denotes the peak “greenness” period, daytime LST
observations during the drought year were considerably higher than their corresponding
non-drought observations. On DOY 176 and 208, the drought year LST was 6° C and 20°
C higher, respectively. This suggests that among the three cover types, grassland
experienced the highest daytime temperature increase during the drought year as
compared to the non-drought year. The NDVI values during the drought-year growing
season were consistently lower than those of the non-drought year, with a mean
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difference of about 0.3 units for the entire growing season and 0.4 units during the peak
“greenness” period.
4.4.2 Matched-pair t-tests
Matched-pair t-test results of H1 (mentioned in the data analysis section) indicate
that 412 (84%) of the land cover pixels experienced significantly higher cumulative
daytime LST (P < 0.01) during the drought-year growing season (Figure 4.6a). Among
the cropland cover types, about 96% of the irrigated corn, 83% of the irrigated soybeans,
and all the non-irrigated corn and soybeans pixels experienced significantly higher
cumulative daytime LST during the drought-year growing season (P < 0.01). Among the
three grassland cover types, the cumulative LST observations of all little bluestem pixels,
97% of sandhills upland pixels, and 31% of western shortgrass pixels during the drought
year were significantly higher than those of the non-drought year at P < 0.01. Spatial
distribution of pixels indicated that land cover pixels that experienced significantly higher
daytime LST during the drought year were distributed in all the CDs of Nebraska, and the
non-significant pixels were primarily confined to the western shortgrass prairie cover
type in the extreme northwestern part of the Panhandle CD.
The results of H2 show that about 61% of the total land cover pixels experienced
significantly higher nighttime LST during the growing season of the drought year at P <
0.01. About 4% of the total land cover pixels experienced significantly higher nighttime
LST, with P values ranging between 0.05 and 0.01 (Figure 4.6b). This result suggests that
during drought a greater number of pixels exhibited significantly higher daytime LST
compared to those with significantly higher nighttime LST. The spatial pattern showed
that 85% of the western shortgrass pixels primarily located in the northern Panhandle and
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northwestern corner of the North Central CD did not experience significantly higher
nighttime LST. Among the cropland pixels, the non-significant pixels are scattered in the
eastern half of the state.
The results of H3 show that about 85% of the total land cover pixels experienced
significantly lower NDVI during the drought year compared to the non-drought year at P
< 0.01 (Figure 4.6c). Among the cropland cover types, 68% of the irrigated corn, 92% of
the non-irrigated corn, and the majority of the non-irrigated soybeans pixels recorded
significant decreases in NDVI during the drought year at P < 0.01. This indicates that the
rate of decrease in NDVI of irrigated corn during drought is less pronounced than the rate
of increase in LST during the drought year growing season. Among the grassland pixels,
all little bluestem pixels, 99% of sandhills upland, and 80% of western shortgrass pixels
showed significantly lower NDVI during the growing season of the drought year.
Overall, the results of t-tests indicated that the majority of the land cover pixels,
with the exception of western shortgrass pixels in the northern Panhandle, experienced
significantly higher daytime LST during the drought year. Compared to the daytime LST,
fewer pixels experienced significantly higher nighttime LST in the drought year. These
non-significant pixels belonged to western shortgrass pixels located primarily in northern
Panhandle, sandhill upland pixels in the northwestern corner of the North Central CD,
and irrigated and non-irrigated corn and soybeans pixels located primarily in the Central
and South Central CDs. The location of non-significant pixels (daytime and nighttime
LST) in the northern Panhandle matched well with the area of persistent severe drought
depicted on the series of USDM maps throughout the growing season of 2007 (for
example, see Figure 4.2b). A large proportion of the irrigated corn pixels selected from
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two counties (Hall and Buffalo) located in the southern part of the Central CD showed
significantly higher day and nighttime LST and lower NDVI during drought. This is
reflected in significant losses in irrigated corn production in this region. For example, the
yields of irrigated corn in Buffalo County (165 bushels in 2002 compared to 191 bushels
in 2007) and Hall County (172 bushels in 2002 compared to 190 bushels in 2007) were
the lowest and second-lowest, respectively, in 2002 over the past decade (2000 to 2009)
(USDA, 2002).
4.4.3 Response of Land Covers to Drought
Figure 4.7 shows the time-series MCL and MCN differences across the growing
season for four land cover clusters. Based on the weekly USDM maps, the three land
cover clusters representing little bluestem, sandhill upland, and irrigated corn (which
primarily experienced similar drought stress throughout the growing season of the
drought year) were chosen. These pixels experienced moderate to severe drought until
mid-June, severe to extreme drought from mid-June through Mid-July, and then extreme
to exceptional drought through the end of the growing season during the drought year. In
contrast, those clusters were under near-normal (non-drought) conditions throughout the
2007 growing season. Compared to the three cover types in central and western
Nebraska, drought stress on non-irrigated corn pixels selected from the Northeast CD was
less severe throughout the 2002 growing season, but the drought severity experienced in
this CD during this year was still maximum compared to those in the past decade (based
on the weekly USDM maps from 2000 to 2009). In 2002, parts of the Northeast CD
experienced abnormally dry conditions in May and June. The drought conditions further
intensified and by the end of July the CD was primarily under the severe to extreme
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drought categories. In 2007, the CD was primarily under near-normal conditions except
for some temporary abnormally dry and moderate drought conditions experienced in the
eastern part of the CD. Overall, the drought conditions for all land cover clusters were
milder at the beginning of the growing season and gradually intensified as the growing
season progressed. This is evident from our results, which indicate increasing trends in
MCL difference over the growing season for all cover types (Figure 4.7a). Among the
four land cover types, the cumulative LST difference for little bluestem increased up to
116° C (DOY 257), followed by sandhills upland with an increase up to 73° C (DOY
248). The cumulative difference of irrigated corn exhibited a minimum increase (up to
32° C on DOY 257). The majority (93%) of the time-series MCL differences were
statistically significant with P < 0.01. Similarly, the MCN difference showed decreasing
trends for all land cover types except irrigated corn, which showed an initial decrease
followed by an increasing trend over the growing season (Figure 4.7b). This may suggest
that the impact of progressive drought intensity on irrigated corn NDVI is not as evident
as on the rest of the land cover types analyzed in this study. Increase in the amount and
frequency of irrigated water applications in response to the extreme and exceptional
drought conditions experienced in this region could be one possible factor for these lower
MCN differences across the growing season. Little bluestem exhibited near linear
decrease in MCN differences (up to –3.9 units on DOY 273), followed by sandhills
upland (up to –1.8 units on DOY 273).
The results of time-series regression and correlation analyses between drought
and non-drought differences in MCL and MCN for the four land cover clusters are shown
in Figure 4.8. Several studies have reported a negative correlation between LST and
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NDVI in the mid-summer months over the central Great Plains (Goetz, 1997; Sun and
Kafatos, 2007; Karnieli et al., 2010). In this study, we observed strong negative
relationships between MCL and MCN differences between drought and non-drought
years at the growing-season scale for all land cover types, with Pearson correlation
coefficients (r) ranging between –0.78 for irrigated corn to –0.99 for the little bluestem
cover type. Correlation coefficients for all four land cover types are statistically
significant at P < .001. In the water-limiting (as opposed to energy-limiting)
environment, as is observed during the warmer summer months in the central Great
Plains, the magnitude of the negative relationship between LST and NDVI is primarily
controlled by the availability of soil water. The irrigated corn was less moisture stressed
during drought based on the smaller range of MCL and MCN differences between the
drought and normal years compared to the other rainfed land cover types. Although
statistically significant, the irrigated corn data points display much more scatter from the
regression line than the non-irrigated corn and the two grassland cover types. This
suggests that the linear association between LST and NDVI is weaker for irrigated
cropland compared to other land cover types. This is consistent with the work of Karnieli
et al. (2010), who observed less significant correlations between LST and NDVI in the
irrigated areas of the Mississippi River basin. In the case of non-irrigated corn, the range
of MCL and MCN differences was higher than those of irrigated corn, but markedly
lower than those of the two grassland cover types. This could be due to the less severe
drought stress experienced in the Northeast CD in comparison to the North-Central and
Southwest CDs as shown in USDM maps (Figure 4.2).
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4.5. Conclusions
Canopy temperatures and surface reflectance detected from space offers an
effective means of monitoring drought stress on vegetation. This paper analyzed the
response of different land cover types to drought by comparing their Terra-MODIS–
derived cumulative LST and NDVI signals during the summer growing season of a
drought and a non-drought year. Results of matched-pair t-tests indicate that a majority of
the land cover pixels in Nebraska experienced significantly higher cumulative day and
nighttime LST coupled with lower NDVI during the drought year in all CDs of Nebraska
except for the northwestern part of Panhandle (P < 0.01). For irrigated corn, NDVI is
rather a conservative indicator of drought compared to LST, with more pixels
experiencing significantly higher LST compared to those depicting significant NDVI
decrease (P < 0.01). The time-series drought and non-drought differences in MCL and
MCN for four land cover clusters were examined to analyze the magnitude of drought
induced stress on these land cover types. The results indicated that the little bluestem
grassland cover type exhibited the maximum increase in mean cumulative daytime LST
and decrease in mean cumulative NDVI during the drought year, followed by sandhills
upland grassland, suggesting that grassland cover types are more sensitive to drought.
The cross-correlations between time-series MCL and MCN differences were
significant for all four land cover types (P < 0.001). The regression models depicting the
relationship between cumulative LST and NDVI differences between the drought and
non-drought periods for four land cover types can be used to predict the drought related
stress in vegetation.
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Overall, this study demonstrates that Terra-MODIS eight-day composite LST and
NDVI products are sensitive to drought-related stress in vegetation. AVHRR-based
vegetation condition monitoring indices such as VCI, TCI, VH, RG, and SVI require a
longer period of LST and/or NDVI data. Considering the shorter temporal history of
MODIS data, use of cumulative LST and NDVI to quantitatively compare drought and
non-drought years as demonstrated in this study can assist in assessing the vegetation
stress in the Central Great Plains region of the United States. As a part of future study,
similar analysis for other land cover types in different geographical regions will be
conducted to investigate the LST and NDVI responses during drought.
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Figure 4.1. Location of study area, the state of Nebraska (a) and the climate division (CD)
boundary map (b). The dark lines in (b) denote CD boundaries, and the lighter grey lines
correspond to the county boundaries.
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Figure 4.2. U.S. Drought Monitor maps showing the spatial patterns of drought with
impacts on agriculture and water resources across Nebraska during the growing seasons
of 2002 (a) and 2007 (b).
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Figure 4.3. Weekly crop moisture index (CMI) values for each Climate Division (CD) of
Nebraska during the growing seasons of 2002 and 2007 (Data source: Weekly Weather
and Crop Bulletin, USDA).
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Figure 4.4. Spatial distribution of selected land cover pixels across Nebraska. The number
of pixels in each of the land cover classes is as follows: irrigated corn (n = 138), nonirrigated corn (n = 12), irrigated soybeans (n = 6), non-irrigated soybeans (n = 6),
sandhills upland prairie (n = 160), little bluestem-grama mixed-grass prairie (n = 71), and
western shortgrass prairie (n = 97). The circles show the four land cover clusters
(sandhills upland, n = 55; little bluestem, n = 29; irrigated corn, n = 61; and non-irrigated
corn, n =6) selected for correlation and regression analyses.
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(a)

(b)

(c)

Figure 4.5. Time-series LST and NDVI profiles of an irrigated corn (a), a non-irrigated
corn (b), and a little bluestem grassland (c) pixel during the growing seasons of a drought
(2002) and a non-drought (2007) year. The bars show the eight-day composited LST
observations across the growing season. Top of the bar indicates the daytime LST
measured at about10:30 a.m. and the bottom of the bar indicates the nighttime LST
measured at about 10:30 p.m. local time.
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Figure 4.6. Matched-pair t-test results showing the spatial distribution of land cover
pixels that exhibited significant and non-significant increase in cumulative daytime LST
(a) and cumulative nighttime LST (b), and decrease in cumulative NDVI (c) during the
drought year (2002).
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(a)

(b)

Figure 4.7. Time-series of mean cumulative LST (a) and mean cumulative NDVI (b)
differences between the drought (2002) and the non-drought (2007) growing seasons for
four selected land cover types. Solid symbols indicate that the mean cumulative LST
during the drought year growing season was significantly higher than that of the nondrought year (black indicates P < 0.001 and grey P < 0.01) and open symbols indicate
statistically not significant (P > 0.05).
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Figure 4.8. Regression models showing the relationship between time-series mean
cumulative LST and mean cumulative NDVI differences between the drought and the
non–drought year growing seasons for four selected land cover types; *** indicates
statistically significant at P < 0.001 level.

CHAPTER 5

SUMMARY, CONCLUSIONS, AND RECOMMENDATIONS

The goal of this research was to evaluate the response of different vegetation
types to drought-related water stress at multiple spatial scales using both close-range and
satellite remote sensing techniques. Vegetation response to drought was evaluated at leaf,
canopy, and landscape levels. The summary and key findings of these three studies are
presented below.
5.1. Leaf Level Study
At the leaf level, high spatial resolution thermal images of the soybean plants
were used to evaluate the effect of water stress on leaf temperatures and to develop a leaf
temperature-based model to estimate the relative water content (RWC) in leaves. The
soybean plants were grown under the greenhouse conditions and were subjected to eight
levels of irrigation treatments. One specific leaf trifoliate was extracted from the thermal
images for every plant sample. Mean leaf temperature (Tleaf) and Crop Water Stress Index
(CWSI) were computed for a specific trifoliate of each plant and compared with the
gravimetrically measured RWC as well as with leaf gas exchange measurements. Some
of the key findings are presented below.
•

The plants experienced decreased RWC with increased intensity of water stress. The
differences between control versus WS 1 and WS 2 were not statistically significant,
while the difference between control and WS 3 through WS 7 plants were
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statistically significant (P < 0.01). The mean RWC of WS 7 plants was about 68%
less than that of control plants.
•

Tleaf and CWSI showed overall rising trends with increasing intensity of water stress.
Statistically significant differences in the leaf temperatures were found between
control and water stressed plants (WS 4 through WS 7). Control plants exhibited
significantly different CWSI values than those of water stressed plants (WS 4
through WS 7). These results suggested that leaf temperature derived from the
thermal imageries could be used to detect irrigation differences among the soybean
plants.

•

Separate regression models were calibrated and validated using Tleaf and CWSI to
estimate RWC. CWSI based model that accounted for varying meteorological
conditions such as air temperature, humidity, wind speed, and downwelling
irradiance on leaf temperatures resulted in greater accuracy in RWC estimation
compared to the model based on Tleaf.

Previous studies have been conducted to relate RWC with leaf spectral reflectance
in the visible, middle infrared portions of the electromagnetic spectrum. Much of the
vegetation water stress research that has used thermal imagery has focused on quantifying
leaf biophysical properties such as stomatal conductance and leaf or stem water
potentials. These studies were based primarily on grapevines, French beans, lupins,
cotton, and olives trees. Despite an extensive scientific literature search, no previous
thermal image based RWC determination studies were found. To the best of our
knowledge, this research is one of the first studies that used thermal imagery for
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estimating RWC in soybean plants. Since soybean is an important agronomic crop in the
U.S. Corn Belt, the findings of this study can be applied for operational monitoring of
drought in soybeans. In order to apply the findings for operational drought monitoring,
some of the potential limitations of the study should be considered and addressed in
future research. The results presented here are derived from an experiment conducted in a
greenhouse. The variables affecting the plants growth and development were carefully
controlled in the managed greenhouse environment, which is not representative of realworld field conditions. In a real-world setting, plants are exposed to uncontrolled air
movement, solar radiation, and air temperature in the agricultural fields. Furthermore, the
orientation of leaves in the agricultural fields, determined primarily by the wind speed
and direction may be different than that at the greenhouse. That could potentially affect
the leaf temperature measured by the thermal camera. More research is needed for
rigorous validation of the CWSI model developed in this study for RWC estimation in the
field conditions.

5.2. Canopy Level Study
Close-range corn and soybean canopy reflectance data were used to explore the
potential of three simulated MODIS VIs (NDVI, WDRVI, and EVI2) and a simulated
MERIS VI (CIRed-edge) in characterizing root zone soil moisture in the U.S. Corn Belt.
Time-series VI data for six growing seasons were correlated with concurrent as well as
antecedent soil moisture (up to 60 days) at four different depths (10, 25, 50, and 100 cm)
in the soil profile. The key findings are presented below:
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•

The corn VIs were significantly related to the concurrent soil moisture at the 100 cm
depth and among the VIs analyzed in this study, CIRed-edge showed strongest
correlation with the soil moisture at this depth.

•

Relationships of corn VIs with soil moisture improved when the time lag that a plant
requires to respond to changes in soil moisture were taken into consideration. Corn
CIRed-edge exhibited statistically significant relationship with 10-day lagged soil
moisture at 50 cm depth and the correlations increased with longer lag periods. At
100 cm, peak correlations between corn VIs and soil moisture were primarily
observed over a 45-day lag period and then showed decreasing trends.

•

Contrary to corn, soybean VIs including WDRVI and NDVI were sensitive to
concurrent soil moisture at shallow depths of 10- and 25-cm.

•

Strongest correlations of soybean WDRVI and NDVI with 5-day lagged soil moisture
at 10- and 25-cm depths indicated that soybean VIs kept a relatively shorter soil
moisture memory in their spectral signals.
The above findings suggest that accurate characterizations of root zone soil

moisture that influences crop conditions can be made using close-range simulated
MODIS and MERIS VIs. Spectral reflectance data recorded by the sensors on board
satellites are largely contaminated by the intervening atmosphere such as cloud cover,
water vapor, and aerosols. Close-range sensing approach adopted in this study overcomes
these uncertainties associated with atmospheric impacts. This approach also helps
improve our understanding with regard to using spectral signals (VIS and NIR) from
crops to assess essential soil-moisture conditions. The relationships shown in this study
can be applied to monitor vegetation stress using the satellite data for regional scale
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drought assessment. However, the results derived from this study are based on the
currently available reflectance data during three years of growing seasons each for corn
and soybeans. It would be interesting to analyze corn and soybean VIs and soil moisture
correlations with more growing season data using actual MODIS and MERIS data.
5.3. Landscape Level Study
At the landscape scale, the objective was to investigate the changes in the thermal
and spectral responses of cropland and grassland cover types to drought across Nebraska.
Terra-MODIS eight-day composite cumulative time series daytime LST, nighttime LST
and NDVI data pertaining to irrigated and non-irrigated corn and soybeans, and three
grassland cover types during a drought year (2002) and a non-drought year (2007) were
compared. Some of the key findings are presented below.
•

Majority (84%) of the land cover pixels across Nebraska experienced significantly
higher cumulative daytime LST (P < 0.01) during the drought-year growing season.
Fewer pixels (65%) experienced significantly higher nighttime LST in the drought
year growing season. These findings suggested that cumulative daytime LST could be
a more sensitive indicator of drought stress on vegetation than nighttime LST.

•

The location of the non-significant pixels (cumulative daytime and nighttime LST) in
northern Panhandle matched well with the area of persistent severe drought depicted
on the series of USDM maps throughout the growing season of 2007.

•

About 85% of the total land cover pixels experienced significantly lower NDVI
during the drought year compared to the non-drought year at P < 0.01. A higher
percentage of irrigated corn pixels (96%) experienced significantly higher cumulative
daytime LST compared to lower cumulative NDVI during the drought year. This
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indicates that the rate of decrease in NDVI of irrigated corn during drought is less
pronounced than the rate of increase in LST during the drought year growing season.
•

Land-cover specific analyses show that the mean cumulative drought year and nondrought year differences in daytime LST and NDVI of grassland cover types (little
bluestem followed by sandhills upland) were higher than those of irrigated and nonirrigated corn. It suggests that grassland cover types are more sensitive to drought
than irrigated and non-irrigated corn.

•

The regression models depicting the relationship between cumulative LST and NDVI
differences between the drought and non-drought growing seasons for four land cover
types were statistically significant and can be used to predict the drought related stress
in vegetation.

This study showed that Terra-MODIS eight-day composite LST and NDVI
products are sensitive to drought-related stress in vegetation. By quantitatively comparing
the drought and non-drought year growing season’s cumulative LST and NDVI values,
this study tested a new methodology for assessing drought stress at a landscape scale. The
findings of this study can lead to the development of new or refinement of existing
operational large-area vegetation drought monitoring tools (for example, Vegetation
Drought Response Index (VegDRI)). VegDRI integrates historical weather station-based
drought index data (SPI and PDSI) and satellite-based NDVI-derived products with other
biophysical characteristics of land such as land cover, land use, and soils and depicts the
geographic extent and severity of drought stress on vegetation in the contiguous U.S. at
1-km spatial resolution (Brown et al., 2008). VegDRI model in its current operational
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form uses AVHRR-derived NDVI metrics and doesn’t include a satellite-based thermal
component. Recently, eMODIS-based (Jenkerson et al., 2010) VegDRI was developed to
take advantage of better quality and higher temporal resolution NDVI data from MODIS.
A pheno-region based, AVHRR-MODIS NDVI translation algorithm (Gu et al., 2010)
was used to apply the AVHRR-based VegDRI models to MODIS-derived NDVI inputs.
The sensitivity of LST to drought stress on croplands and grassland cover types as
demonstrated in this study indicate the potential utility of incorporating MODIS-based
LST in the eMODIS-VegDRI model for improved drought monitoring in the contiguous
U.S. Compared to the previous remote sensing-based vegetation drought assessment
studies in the U.S. Great Plains (Wang et al., 2001; Ji and Peters, 2003), this study is
more detailed in the sense that it distinguished drought responses of different crop types
(corn and soybeans) with distinct management practices (irrigated and non-irrigated).
However, this study encountered a number of challenges that could provide
directions for future research. Since this study was focused on comparing drought year
and non-drought year growing seasons to assess the response of vegetation to drought, it
would have been ideal to select a growing season in which the entire state of Nebraska
was drought free. Choosing such a year was challenging considering the short history of
MODIS data availability. The growing season of 2007 was chosen to represent the nondrought year as most parts of the state with the exception of the Panhandle was drought
free. Future study involving a different non-drought year may lead to improved
vegetation drought stress assessment especially in the Nebraska panhandle region. In this
study, the land cover information was spatially aggregated at 1-km level to match with
the 1-km MODIS LST and NDVI data. In the eastern Nebraska, the individual crop fields
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as identified from the Cropland Data Layers were much smaller than the size of MODIS
pixel (1-km). Smaller field sizes together with high frequency crop rotations resulted in
less number of non-irrigated corn and soybean pixels that had the same crop type (with
>85% per pixel coverage) during both the study years. Future expansion of the study area
to Iowa where large proportion of the croplands is non-irrigated may provide more
sample pixels to analyze the drought responses of non-irrigated corn and soybeans. The
utility of MODIS-derived LST and NDVI products in monitoring drought-related
vegetation stress should be tested in other parts of the U.S. Corn Belt and Great Plains as
well as in other major agricultural regions of the world. Additionally, this approach
should be tested on other crops such as wheat and cotton.
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